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Données tabulaires et deep learning

Le Machine Learning et le Deep Learning ont
révolutionné les domaines de la vision, du NLP, etc.

Mais pas le domaine des données tabulaires. Les
modeles de type Random Forest ou XGBoost restent
privilégiés.

Quelle différence y a-t-il entre les données
tabulaires et les autres modalités ?

Pre-existing Early stage
Patient ID = L-Carnitine | Creatinine conditions Homocysteine  Beta-hydroxybutyrate Alzheimers?

Pourquoi le deep learning ne fonctionne-t-il pas sur oot | 12] 15| wow] No
les données tabulaires ? T o] s —
P5001 3.2 30 None 4 3 ? 4—7

Tabular Predicton Task
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La complexité des données tabulaires

Le ratio #samples / #features :

Les données tabulaires contiennent généralement beaucoup
d’échantillons pour assez peu de features.

Comparaison avec la vision : chaque image de 100*100 pixels
avec 3 channels (RGB) est représentée par 30,000 features.

Des données hétérogenes :

Des données continues mixées avec des données
catégorielles.

Diverses modalités.

Des échelles variées.

Le probleme de Uinterprétabilité :

Les colonnes ont une sémantique et on souhaite souvent
pouvoir évaluer leur impact sur une prédiction.

Les modeles « boites noires » sont inadaptés.
Comparaison avec la vision : le r6le individuel d’un pixel
importe peu.
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Random forests / XGBoost

Arbres de décision

Prédit l'étiquette (label) en évaluant un arbre de questions vrai/faux de type « if-then-else » portant sur
les variables (features).

Bagging (Random ForestS) If size > 2000 sqft —F

If number bedroom > 3
Construit des arbres de décision complets en parallele a partir de sous-ensembles d'échantillons T F F
aléatoires issus du jeu de données. La prédiction finale est une moyenne de toutes les prédictions des {(OETCLEHTEES Ifoumo baibrm = 3 numblhetinis2
arbres de décision. i \
300,000 200,000

Boosting

Combine plusieurs modeles faibles individuellement (weak learners) pour en faire un apprenant fort
(strong learner). Chaque modele faible est entrainé afin de corriger les erreurs commises par les
modeéles précédents. All Data

Gradient boosting

Extension du boosting dans laquelle le processus de génération additive de modeles faibles est Subset Subset Subset

formalisé comme un algorithme de descente de gradient sur une fonction objectif. Le gradient boosting
définit des cibles (basées sur le gradient de l'erreur par rapport a la prédiction) pour le modeéle suivant,
dans le but de minimiser les erreurs.

Decision trees + Gradient Boosting (ex: XGBoost)
Entrainent de maniere itérative un ensemble d'arbres de décision peu profonds, chaque itération
utilisant les erreurs résiduelles du modele précédent pour ajuster le modele suivant. La prédiction

finale est une somme pondérée de toutes les prédictions des arbres.

Tree Tree Tree
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TabICLv2: A better, faster, scalable, and open tabular foundation model

* Bayesian Inference
PFN (Prior-data fitted

networks

* In-context learning
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TabPFN-3: Technica

Prior Labs Team (see Appendix A

Tabular data underpins most high-value
has driven the foundation model revol
users, TabPFN-3 builds on this founda
1M training rows and substantially red|
synthetic data from our prior, TabPF)
and brings substantial gains on time s
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Abstract

Tabular foundation models, such as TabPFNv2
and TabICL, have recently dethroned gradient-
boosted trees at the top of predictive benchmarks,
demonstrating the value of in-context learning
for tabular data. We introduce TabICLv2, a new
state-of-the-art foundation model for regression
and classification built on three pillars: (1) a
novel synthetic data generation engine designed
for high pretraining diversity; (2) various archi-
tectural innovations, including a new scalable
softmax in attention improving generalization to
larger d. without p long-seq e
pretraining: and (3) optimized pretraining proto-
cols, notably replacing AdamW with the Muon
optimizer. On the TabArena and TALENT bench-
marks, TabICLv2 without any tuning surpasses
the performance of the current state of the art,
RealTabPFN-2.5 (hyperparameter-tuned, ensem-
bled, and fine-tuned on real data). With only mod-
erate pretraining compute, TablCLv2 generalizes
effectively to million-scale datasets under 50GB
GPILmemory while heine markedlv faster than
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Figure 1. Improvability vs. train time on TabArena {Erickson
et al., 2025). Improvability (lower is better) measures the relative
error gap to the best method, averaged across datasets. Train time
is training + inference in 8-fold cross-validation. For foundation
models, it is dominated by forward passes that perform in-context
learning. Defanlt uses default hyperparameters; Tuned selects the
best of 200 random hyperparameter configurations on validation;
Tuned + Ens. applies post-hoc weighted ensemble of all configu-
rations. The runtime of TabICLv2 is measured on an H100 GPU,
while others are from TabArena. Results for inapplicable model-
dataset pairs are imputed with default RandomForest.
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TRANSFORMERS CAN DO BAYESIAN INFERENCE

Bayesian Inference

ML supervisé ou non supervisé

Samuel Miiller ! Noah Hollmann? Sebastian Pineda ! Josif Grabocka! Frank Hutter '*
! University of Freiburg, > Charité Berlin, * Bosch Center for Artificial Intelligence
Correspondence to Samuel Miiller: muellesalcs.uni-freiburg.de

ABSTRACT

Currently, it is hard to reap the benefits of deep learning for Bayesian methods,

* A partird’une liste d’observations on souhaite faire des
T . . . . which allow the explicit specification of prior knowledge and accurately cap-
p red |Ct| 0 n S po u r d eS O bse rvatl O n S Ja m a | S Vu eS ture model uncertainty. We present Prior-Data Fitted Networks (PFNs). PFNs

leverage in-context learning in large-scale machine learning techniques 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
D1ain {xla v :xn} p(x), X € Dtest ¢ -Dtr .

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
Dtrain - {(xl bl yl) y ey (xn} y'n)} p(y‘x) b (xj y) e Dtest gz Dtra.in it based on the set-valued input of the rest of the data points. Presented with a

* Pour éviter le probleme du No Free Lunch Theorem, il faut présupposer gu’elles ont une certaine
structure définie par une distribution a priori = prior = biais inductif.

* Une possibilité est de modéliser cette prior par une distribution de probabilité p(¢) sur les parametres
(variables latentes) ¢p d’'un modele génératif p(D|¢) des données. Lobservation d’un train set Dip,in
permet alors de calculer la distribution a posteriori sur ces variables latentes

p((pIDtrain) - % p(Dtrain|¢) p(¢)
\_'_} \ Y J \ Y )

posterior likelihood prior
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Bayesian Inference

La distribution prédictive PPD (pour le ML supervisé p.ex.) s’obtient alors par

=
I~
~
=~
-

p(ylxs Dtra.in) - [P(y|x= ¢) p(¢|Dtrm) d¢ -"O';e’wa T -«;‘/objectivefn 0]

¥ acquisition max

x [ P(y/%, b) P(Dirainl ) () db

Connexions avec le ML supervisé usuel :

Approximation du maximum de vraisemblance :

P(P|Dirain) — 0(¢p — dmL), dmr = arg ;nax P(D'rain|@)

Approximation de maximum a posteriori :

P(P|Dirain) — (@ — Pmar), dmap = arg ;II&X P(Dtrain| @) ()
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Prior-data Fitted Networks (PFN)

On va échantillonner des exemples de datasets D ~ p(D) et des couples (X, y) puis essayer d’apprendre

directement la distribution prédictive (x, D) — p(y|x, D) a Uaide d’'un modele paramétrique (un PFN)
(x,D) — qg(v|x, D) et d’une fonction de colt £(0) appropriée.

6(9) = Ey)upip(Du | ~ 108 90(ylx, Dr)] Minimiser £(8) revient donc
- Z P(x,y, Dn) log go(ylx, Dn) a chercher une approximation
x,y,Dy, . . . .
qe*(v|Xx, D) de la vraie distribution
= Zp(x D) Zp y|x, Dr) log ge(y[x, Dn) prédictive p(y|x, D).
B as(y|x, D») T ] _
= — Zp(x Zp(y|x, D,) ( log o(ylx. Do) + log p(y|x, D) S’il existe un 6* pour lequel gg~ = p

on le trouvera en minimisant £(60).
- Zp x, Dy) (KL [p(:x, Dy)llao( 1%, D)) + H]p(-}x, Dy)])

Pas d’overfitting car plus KL est proche
= Ex,DHNp L [p(-|x, Dn)|lgs(-|x, Dn)] + const de zéro, plus gy est proche du vraip !
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Prior-data Fitted Networks (PFN)

Atout de PFN : il suffit d’avoir un mécanisme efficace d’échantillonnage
des jeuxde données D,, ~ p(D,,)

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 qy;
for j + 1to K do
Sample D U {(z;,y:) };21 ~p(D);
Compute stochastic loss approximation £p = Y. , (— log qs(yi|zi, D));

Update parameters 6 with stochastic gradient descent on V/y;
end
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Prior-data Fitted Networks (PFN)

Actual Data 7
,"_? . i e train :, Yo E . ’.
* test ] .
Feature
10
. Learn PFNgto
ealure
. predict test from train

e (10M times)

o - & 2 J \
g~ s i
E We have thus meta-learned to : | W
eature ) ; ) ‘ :
approximate Bayesian inference, 2 |
Samples from the prior: purely by supervised learning ~ - — 5 b
a data-generating mechanism of data generated with the prior Posterior predictive distribution
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Prior-data Fitted Networks (PFN)

Train the PFN by minimizing

Sample prior datasets D) ~ p(D) — p» - : ;
PP ( ) o Efil IOg qe (yge)st |m§e)st ’ Dts,'r)a'in

1 1 1
D(l) — Dgriin U {('{Bt(teltﬁ yfgeit)} .
PFN with parameters 6™
Bayesian inference via the trained
K K K) (K : ..

‘D( ) — ‘Dlg*r'a)i,n U {(xgesl! ytgesg)} PFN, with the actual tl'ﬂ.lIllIlg

data and a test point as input:
Actual training dataset and test input Q0% (Ytest|Trests Dirain) =
(Dtrain: -Ttest) - p(ytESt |mf‘83f‘ ’ Dtraz’n)

in-context-learning (ICL) !

02/06/2026 Tabular Foundation Models 12




Tabular Foundation Models

TabICLv2: A better, faster, scalable, and open tabular foundation model

* Bayesian Inference
PFN (Prior-data fitted

networks

* In-context learning

#“PRIOR
TabPFN-3: Technica

Prior Labs Team (see Appendix A

Tabular data underpins most high-value
has driven the foundation model revol
users, TabPFN-3 builds on this founda
1M training rows and substantially red|
synthetic data from our prior, TabPF)
and brings substantial gains on time s

Model Development & Deployment.

onepoint.

Jingang Qu”' David Holzmiiller "'

Abstract

Tabular foundation models, such as TabPFNv2
and TabICL, have recently dethroned gradient-
boosted trees at the top of predictive benchmarks,
demonstrating the value of in-context learning
for tabular data. We introduce TabICLv2, a new
state-of-the-art foundation model for regression
and classification built on three pillars: (1) a
novel synthetic data generation engine designed
for high pretraining diversity; (2) various archi-
tectural innovations, including a new scalable
softmax in attention improving generalization to
larger d. without p long-seq e
pretraining: and (3) optimized pretraining proto-
cols, notably replacing AdamW with the Muon
optimizer. On the TabArena and TALENT bench-
marks, TabICLv2 without any tuning surpasses
the performance of the current state of the art,
RealTabPFN-2.5 (hyperparameter-tuned, ensem-
bled, and fine-tuned on real data). With only mod-
erate pretraining compute, TablCLv2 generalizes
effectively to million-scale datasets under 50GB
GPILmemory while heine markedlv faster than

Gaél Varoguaux ' * Marine Le Morvan'

= * RandomForest
2 TD:;::h ExtraTrees
8 Tuoed + Ens Hrivied
----- Pareta Front |y TogchMLE
Mitra
* TabiCL
E% * LimiX
1 * TabPFNv2
TubPF \\!ﬂ wRin
= Lol * XGBaost
H _‘b__' it ModemNCA
[ * LighGEM
E oww CatBoost
E ® TahM
z L TabD¥T
E v =] * RealMLP
E R yir-rr-
[TobIC TV ® TuhiCLy2
wt 10° 0 jig 1 e

Train time per | K samples (5) (median)

Figure 1. Improvability vs. train time on TabArena {Erickson
et al., 2025). Improvability (lower is better) measures the relative
error gap to the best method, averaged across datasets. Train time
is training + inference in 8-fold cross-validation. For foundation
models, it is dominated by forward passes that perform in-context
learning. Defanlt uses default hyperparameters; Tuned selects the
best of 200 random hyperparameter configurations on validation;
Tuned + Ens. applies post-hoc weighted ensemble of all configu-
rations. The runtime of TabICLv2 is measured on an H100 GPU,
while others are from TabArena. Results for inapplicable model-
dataset pairs are imputed with default RandomForest.

Noah Hollmann, Frank Hutter, Léo Grinsztajn, Klemens

 Priors on datasets

Flige, Oscar Key, Felix Birkel, Philipp Jund, Brendan Roof, Mihir Manium, Shi Bin (Liam) Hoo, Magnus
Biihler, Anurag Garg, Dominik Safaric, Jake Robertson, Benjamin Jiger, Simone Alessi, Adrian Hayler,
Vladyslav Moroshan, Lennart Purucker, Philipp Singer, Alan Arazi, Julien Siems, Jan Hendrik Metzen,
Georg Grab, Nick Erickson, Siyuan Guo, Eliott Kalfon, Simon Bing

Distribution & Product. Sauraj Gambhir, Clara Cornu, Lilly Charlotte Wehrhahn, Diana Krinchkova
Operations. Kursat Kaya, Lydia Sidhoum, Marie Salmon, Jerry Chen

Authors are ordered by their date of joining Prior Labs; all authors above affiliated with Prior Labs at the
time of contribution; work done at Prior Labs.

Scientific Advisors. Samuel Miiller, Madelon Hulsebos, Yann LeCun, Bernhard Schilkopf

Secientific advisors did not contribute IP.

02/06/2026 Tabular Foundation Models




onepoint. -
In-context learning

L'apprentissage en contexte consiste a entrainer un modele de langage de grande envergure (LLM) a partir d'une
instruction comprenant un ensemble d'exemples (paires entrée/sortie ou exemples en contexte) généralement rédigés
en langage naturel et intégrés a la séquence d'entrée. Ces exemples, souvent tirés d'un ensemble de données, ne
servent pas a réentrainer le modele, mais sont directement intégrés a sa fenétre de contexte.

Train the PFN by minimizing
— I 108 go (Yot ikt Dlrain)

LPFN with parameters 6*

LLM input: Sample prior datasets D) ~ p(D) —p»
DD = Dirhin U {(@iede, Yieae)}

Review: The movie was fantastic = Sentiment: Positive ;

Review: I hated the storyline = Sentiment: Negative

Review: The music was pleasant = Sentiment:

Bayesian inference via the trained
K K K) (K X ..
D) = ng)m U {(ww(tes)t!ygesr)ﬁ)} PFN, with the actual training

- data and a test point as input:
taset and test lIlpllt go* (ytest |mtest7 Dt'ﬂa,z"n,) ~

o p('ytestlmtest: Dtrain)

(Dtra'in 3 -'Eteat)

LLM output:
Positive

Language Models are Few-Shot Learners

Zero-shot prompting: la tdche est expliquée sans fournir d'exemples. i
One-shot prompting: un seul exemple est fourni pour illustrer la tache. o ot o At oS Gt
Few-shot prompting: plusieurs exemples sont fournis.
Chain-of-thought prompting: chaque exemple comprend des étapes de
raisonnement intermédiaires pour guider la logique du modele.

Amanda Askell  Sandhini Agarwal  Ariel Herbert-Voss  Greichen Krueger  Tom Henighan

20

0

Rewon Child Aditya Ramesh Daniel M. Ziegler Jeffrey Wu Clemens Winter

)

Christopher Hesse Mark Chen Eric Sigler Matensz Litwin Scott Gray

Benjamin Chess Jack Clark Christopher Berner

Sam MeCandlish Alec Radford Ilya Sutskever Dario Amodel

[cs.CL] 22 Jul

OpenAl
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Implémentation et entrainement

Train the PFN by minimizing
- E;K:1 log gs (yg)st |$£?st7 D)E:”)(nn)

iPFN with parameters 6*

Sample prior datasets D(*) ~ p(D)

1 1 1
D(l) = Dgriin U {(mge)st: yge;t)}

Bayesian inference via the trained

DY) = Dy U{(@esks Ysest)} PFN, with the actual training
— _ data and a test point as input:

Actual training dataset and test input 00+ (Yrest|Trest, Dirain) =

(Dtrains xtest) | p(ytest |mt63t’ Dt'r'az'n)

Nécessite beaucoup de calcul pour une unique prédiction

Comment adapter le mécanisme d’attention aux données tabulaires ?
Comment représenter les features ?

e Comment échantillonner des datasets pour ’entrainement ?
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rations. The runtime of TabICLv2 is measured on an H100 GPU,
while others are from TabArena. Results for inapplicable model-
dataset pairs are imputed with default RandomForest.
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Echantillonner des datasets

Idée générale : générer des données qui ressemblent aux données du monde réel et qui proviennent donc
de mécanismes causaux (physiques, sociaux, économiques,...)

9¢(y|x, D) ~ p(y|x, D) = / p(y|x, pscm) p(Pscm|D) depsem

o

Recours aux DAG + SCM
(théorie de la causalité de Pearl). @

X1 :=fi

= SECOND EDITION

MODELS, REASONING.
AND INFERENCE

X2 = fz

( g
= ( / \ JUDEA PEARL
Z < Z g: ) X3,Ny) @_» @\ /@‘_@ -

Biometrika (1995), B2, 4, pp. 669-710
e Ni,...,Ny jointly independent @ Printed in Great Britain

e is acyclic Causal diagrams for empirical research (With Discussions)

By JUDEA PEARL
Cognitive Systems Laboratory, Computer Science Department, University of California,
Los Angeles, California 90024, US.A.

Les graphes (DAG) et les liens de ces SCM implémentent un biais de simplicité (Rasoir d’Occam)
qui favorise les DAG avec peu de nceuds.

Les hyperparametres des SCM sont définis par des distributions.
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Echantillonner des datasets

Sample & initialize
a causal graph Build dataset:  output >0.2?

Q 1 0 0
./: {((.33,.35), .35), ((.22,.08),.05), ((0.,1.1),0.)}

btﬁ

Sample noise

per example
& forward pass 0
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Echantillonner des datasets

@ Sample underlying parameters b Build computational graph and graph structure € Final datasets
s N N (7 A

Sample number of data points

Postprocessing,

Sample number of features - quantization and
Sample number of nodes For each generated sample, Sample random feature (F) warping
Sample graph complexity propagate initialization data and target (T) node positions, and
through the graph read off data at those positions
Sample graph

]
s ™ o
Connection types o

Neural network Tree Discretization -}
o °

LtaFalle & 3

0

0

0

5
ofdeTSe

0

0

&
A J A
a, For each dataset, we first sample high-level hyperparameters. b, Based on these hyperparameters, we construct a structural causal model that @ @ @ @

encodes the computational function generating the dataset. Each node holds a vector and each edge in the computational graphimplements a

function according to one of the connection types. Instep 1, using random noise variables we generate initialization data, which is fed into the

root nodes of the graphs and propagated through the computational graph for each to-be-generated sample. In step 2, we randomly sample @ @
feature and target node positions in the graph, labelled F and T, respectively. In step 3, we extract the intermediate data representations at the

sampled feature and target node positions. In step 4, we post-process the extracted data. ¢, We retrieve the final datasets. We plotinteractions of

feature pairs and the node colour represents the class of the sample.
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Données synthétiques vs. réelles
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Prédictions calibrées

Nearest Gaussian Decision
Input data  Neighbors Logistic Simple MLP Process Tree Catboost ASKL2 TabPFN
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TabPFN et séries temporelles
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TabPFN
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The End
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Tailoring Strictly Proper Scoring Rules for Downstream Tasks: An Application
to Causal Inference
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Revisiting Hierarchical Text Classification: Inference and Metrics
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