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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 a label
columnbased ontherest of the columns is essential for various applications as

diverse asbiomedical 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 datafor 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 a wide margin, using substantially
less training time. In 2.8 s, TabPFN outperforms an ensemble of the strongest
baselines tuned for 4 hin aclassification setting. As a generative transformer-based
foundation model, this model also allows fine-tuning, data generation, density
estimation and learning reusable embeddings. TabPFN s 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
important decision-making in various domains.

Throughout the history of artificial intelligence, manually created
algorithmic components have been replaced with better-performing
end-to-end learned ones. Hand-designed features in computer vision,
suchas SIFT (Scale Invariant Feature Transform)'® and HOG (Histogram
of Oriented Gradients)", have been replaced by learned convolutions;
grammar-based approachesin naturallanguage processing have been
replaced by learned transformers'; and the design of customized open-
ing and end-game libraries in game playing has been superseded by
end-to-end learned strategies>. Here we extend this end-to-end
learning to the ubiquitous domain of tabular data.

The diversity of tabular data sets them apart from unprocessed
modalities such as text and images. While in language modelling for
example the meaning of a word is consistent across documents, in
tabular datasets the same value can mean fundamentally different
things. A drug discovery dataset, for example, might record chemical
properties, whereas another dataset in materials science might docu-
ment thermal and electric properties. This specialization leads to a
proliferation of smaller,independent datasets and associated models.
Toillustrate, onthe popular tabular benchmarking website openml.org,
76% of the datasets contain less than10,000 rows at the time of writing.

Deep learning methods have traditionally struggled with tabular
data, because of the heterogeneity between datasets and the heteroge-
neity of the raw dataitself: Tables contain columns, also called features,
with various scales and types (Boolean, categorical, ordinal, integer,

floating point), imbalanced or missing data, unimportant features,
outliers and so on. This made non-deep-learning methods, such as
tree-based models, the strongest contender so far**%,

However, these traditional machine learning models have sev-
eral drawbacks. Without substantial modifications, they yield poor
out-of-distribution predictions and poor transfer of knowledge from
one dataset to another', Finally, they are hard to combine with neural
networks, as they do not propagate gradients.

As aremedy, we introduce TabPFN, a foundation model for small-
to medium-sized tabular data. This new supervised tabular learning
method can be applied to any small- to moderate-sized dataset and
yields dominant performance for datasets with up to 10,000 samples
and 500 features. In a single forward pass, TabPFN significantly out-
performs state-of-the-art baselines on our benchmarks, including
gradient-boosted decision trees, even when these are allowed 4 h of
tuning, a speedup of 5,140x (classification) and 3,000x (regression).
Finally, we demonstrate various foundation model characteristics
of TabPFN, including fine-tuning, generative abilities and density
estimation.

Principled in-contextlearning

TabPFN leverages in-context learning (ICL)”, the same mechanism
that led to the astounding performance of large language models, to
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a TabPFN is trained on synthetic data to take entire
datasets as inputs and predict in a forward pass
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Fig.1|Overview of the proposed method. a, The high-level overview of TabPFN
pre-training and usage. b, The TabPFN architecture. We train amodel to solve
more than100 million synthetic tasks. Our architecture isanadaptation of the

generate apowerful tabular predictionalgorithmthatis fully learned.
Although ICL was first observed in large language models, recent
work has shown that transformers can learn simple algorithms
such as logistic regression through ICL'® %, Prior-data Fitted Net-
works (PFNs) have shown that even complex algorithms, such as
Gaussian Processes and Bayesian Neural Networks, can be approxi-
mated with ICL?. ICL enables us to learn a wider space of possible
algorithms, including cases for which a closed-form solution does
not exist.

Webuild on a preliminary version of TabPFN*, which demonstrated
the applicability of in-context-learning for tabular data in principle
but had many limitations that rendered it inapplicable in most cases.
Based onaseries ofimprovements, the new TabPFN scales to 50x larger
datasets; supports regression tasks, categorical data and missing
values; and is robust to unimportant features and outliers.

Thekeyideabehind TabPFNisto generate alarge corpus of synthetic
tabular datasets and then train a transformer-based™ neural network
tolearntosolve these synthetic prediction tasks. Although traditional
approaches require hand-engineered solutions for data challenges
such as missing values, our method autonomously learns effective
strategies by solving synthetic tasks thatinclude these challenges. This
approachleveragesICL as aframework for exemplar-based declarative
programming of algorithms. We design desired algorithmic behaviour
by generating diverse synthetic datasets that demonstrate the desired
behaviour andthentrainamodel to encode an algorithm that satisfies
it. This shifts the algorithm design process from writing explicitinstruc-
tions to defininginput-outputexamples, opening up possibilities for
creatingalgorithmsin various domains. Here, we apply thisapproach
to the high-impact field of tabular learning, generating a powerful
tabular prediction algorithm.

Our ICL approach differs fundamentally from standard super-
vised deep learning. Usually, models are trained per dataset, upd-
ating model parameters on individual samples or batches according
to hand-crafted weight-updating algorithms, such as Adam?.
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standard transformer encoder thatis adapted for the two-dimensional data
encounteredintables.

At inference time, the learned model is applied to test samples. By
contrast, our approach is trained across datasets and is applied to
entire datasets atinference timerather thanindividual samples. Before
being applied to real-world datasets, the model is once pre-trained
on millions of synthetic datasets representing different prediction
tasks. At inference time, the model receives an unseen dataset with
both labelled training and unlabelled test samples and performs
training and prediction on this dataset in a single neural network
forward pass.
Figures1and 2 outline our approach:

1. Data generation: we define a generative process (referred to as our
prior) to synthesize diverse tabular datasets with varying relation-
ships between features and targets, designed to capture awiderange
of potential scenarios that our model might encounter. We sample
millions of datasets from the generative process. For each dataset,
asubset of samples has their target values masked, simulating a
supervised prediction problem. Further details of our prior design
are shown in the section ‘Synthetic data based on causal models’.

2. Pre-training: we train a transformer model, our PFN, to predict the
masked targets of all synthetic datasets, given the input features
and the unmasked samples as context. This step is done only once
during model development, learning a generic learning algorithm
that can be used to predict any dataset.

3. Real-world prediction: the resulting trained model can now be
appliedtoarbitrary unseenreal-world datasets. The training samples
are provided as context to the model, which predicts the labels of
these unseen datasets through ICL.

Our approach also has a theoretical foundation as described in
ref. 22. It can be viewed as approximating Bayesian prediction for a
prior defined by the synthetic datasets. The trained PFN will approxi-
mate the posterior predictive distribution p(¥,., | Xeso Xcrain Y;air) aNd
thus return a Bayesian prediction for the specified distribution over
artificial datasets used during PFN pre-training.
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Anarchitecture designed for tables

The transformer architectureis currently the favoured architecture for
flexible deep learning and foundation models*®. Transformer models
work onsequences and combine information between sequenceitems
using so-called attention mechanisms?, allowing them to effectively
capture long-range dependencies and learn complex relationshipsin
data. Although transformer-based models can be applied to tabular
data®*?, TabPFN addresses two key limitations inherent to them. First,
as transformers are designed for sequences, they treat the input data
asasingle sequence, not using the tabular structure. Second, machine
learning models are often used in afit-predict model, in whichamodel
isfitted onthe training setonce and then reused for multiple test data-
sets. Transformer-based ICL algorithms, however, receive train and
test datain a single pass and thus perform training and prediction at
once. Thus, whenafitted modelisreused, it has to redo computations
for the training set.

Tobetter use the tabular structure, we propose an architecture that
assigns a separate representation to each cell in the table, inspired
by refs. 22,28. Our architecture, visualized in Fig. 1b, uses a two-way
attention mechanism, with each cell attending to the other features
inits row (that s, its sample) and then attending to the same feature
across its column (that is, all other samples). This design enables the
architecture to beinvariant to the order of both samples and features
and enables more efficient training and extrapolation to larger tables
than those encountered during training, in terms of both the number
of samples and features.

To mitigate repeating computations on the training set for each test
sample in afit-predict setting, our model can separate the inference
onthe training and test samples. This allows us to perform ICL on the
training set once, save theresulting state and reuse it for multiple test
set inferences. On datasets with 10,000 training samples and 10 fea-
tures, our optimized train-state cachingresultsininference speedups of

foreachto-be-generated sample. Instep 2, we randomly sample feature and
target node positionsinthe graph, labelled Fand T, respectively.Instep 3,
weextract theintermediate datarepresentations at the sampled feature and
targetnode positions. Instep 4, we post-process the extracted data.c, We
retrieve the final datasets. We plotinteractions of feature pairs and the node
colour represents the class of the sample.

around 300xon CPU (from 32 sto 0.1s) and 6x on GPU. With10x more
features (100), the speedupsincrease to 800x on CPU and 30x speedup
on GPU. These measurements focus solely on the core inference pro-
cess, excluding pre-processing and ensembling steps detailed in the
section ‘Inference details’. The lower speedups on GPUs are because of
anunderutilization of their massively parallel architecture.

We further optimize the memory and compute requirements of the
architecture by computing layer norms in half-precision, using flash
attention®, activation checkpointing and sequential computation of
the state. Our optimizations reduce the memory requirements by a
factor of four, resulting in less than 1,000 bytes per cell. This enables
the prediction on datasets with up to 50 million cells (for example,
Smillion rows x 10 features) on a single HI00 GPU.

For regression tasks, we use a piece-wise constant output distribu-
tion, following refs. 22,30, which allows our models to predict a prob-
ability distribution of target valuesinstead of asingle value, including,
for example, bimodal distributions.

Synthetic data based on causal models

The performance of TabPFN relies on generating suitable synthetic
training datasets that capture the characteristics and challenges of
real-world tabular data. To generate such datasets, we developed an
approach based on structural causal models (SCMs)*. SCMs provide a
formal framework for representing causal relationships and generative
processes underlying the data. By relying on synthetic data instead
of large collections of public tabular data, we avoid common prob-
lems of foundational models, such as privacy and copyright infringe-
ments, contaminating our training data with test data* or limited data
availability.

Asshownin Fig. 2, our generative pipeline first samples high-level
hyperparameters, such as dataset size, number of features and diffi-
culty level, to govern the overall properties of each synthetic dataset.
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Fig.3| The behaviour of TabPFN and aset of baselines on simple functions.

Inall plots, we use orange for the ground truth and blue for model predictions.

a, Each columnrepresents a different toy function, each having asingle feature
(along the x-axis) and a target (along the y-axis). TabPFN can model alot of

Guided by these hyperparameters, we construct a directed acyclic
graph specifying the causal structure underlying the dataset.

To generate each sample within a dataset, we propagate randomly
generated noise, called our initialization data, through the root nodes
ofthe causal graph. Thisinitialization data are generated by sampling
from arandom normal or uniform distribution with varying degrees
of non-independence between samples, see section ‘Initialization
datasampling’. As these datatraverse the edges of the computational
graph, we apply a diverse set of computational mappings: small
neural networks with linear or nonlinear activations (for example,
sigmoid, ReLU (rectified linear unit), modulo, sine), discretization
mechanisms for generating categorical features and decision tree
structures to encode local, rule-based dependencies. At each edge,
we add Gaussian noise, introducing uncertainty into the generated
data. We save the intermediate data representations at each node
to be retrieved later. See section ‘Computational edge mappings’
for details.

After traversing the causal graph, we extract the intermediate repre-
sentations at the sampled feature and target nodes, yielding asample
consisting of feature values and an associated target value.

Byincorporating various data challenges and complexities into the
synthetic datasets, we create a training ground that allows TabPFN to
develop strategies for handling similar issues in real-world datasets.
For instance, consider the case of missing values, commonly present
intabular data. By exposing TabPFN to synthetic datasets with varying
patterns and fractions of missing values in our synthetic data genera-
tion process, the model learns effective ways of handling missing val-
ues that generalize to real-world datasets. We apply post-processing
techniques to further enhance the realism and challenge the robustness
of the learned prediction algorithms. This includes warping with the
Kumaraswamy distribution®, introducing complex nonlinear distor-
tions and quantization mimicking discretized features. See section
‘Post-processing’ for details.

Through this generative process, we created a massive corpus of
around 100 million synthetic datasets per model training, each with a
unique causal structure, feature types and functional characteristics.
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different functions, including noisy functions. b, TabPFN can model distributions
over outputs out of the box, which is exemplified by predicting the light
intensity patterninadouble-slitexperiment after observing the positions of
1,000 photons.

Qualitative analysis

We first analyse the behaviour of TabPFN on toy problems to build
intuitionand disentangle theimpact of various dataset characteristics.
Asregression problems are easier to visualize, we focus on these in our
qualitative analysis. InFig. 3a, we compare TabPFN with adiverse set of
standard predictors, with all methods using default settings.

Linear (ridge) regression can naturally model only linear functions,
leading to simple and interpretable predictions but catastrophic failure
onmany of the toy functions. Multilayer perceptrons (MLPs)* perform
worse on datasets with highly non-smooth patterns™. Thisis especially
apparent for the step function. TabPFN, by contrast, models either
function type, smooth or non-smooth, out of the box. This includes
agood approximation to step functions despite TabPFN being a neu-
ral network. CatBoost’, representative of tree-based methods, fits
only piece-wise constant functions. Although this leads to approxi-
mation errors and unintuitive predictions, it avoids catastrophic
failures.

The mainadvantage of TabPFN over all baselinesisitsinherent abil-
ity tomodel uncertainty at no extra cost. Whereas classical regression
methods output asingle real-valued prediction, TabPFN returns a target
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
shows this by modelling the density of light reaching a detector screen
inadouble-slit experiment® for different slit distances and widths. In
this classic experiment, photons are sent through two slits creating a
multi-modal intensity pattern because of the wave-like interference
behaviour of light. TabPFN predicts these intricate patterns in just
asingle forward pass, requiring only 1.2 s. By contrast, traditional
methods such as CatBoost require training multiple quantile models
at different quantiles and reconstructing the distribution from these
predictions. Even after tuning CatBoost specifically for this task, it
produced substantially worse predictions compared with TabPFN,
see Fig. 3b. With default settings, CatBoost requires 169.3 s and yields
further deteriorated results. Qualitatively, we observe that TabPFN is
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Fig.4|Comparison of TabPFN on our test benchmarks, containing datasets
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LGBM, LightGBM; MLP, multilayer perceptron; SVM, support vector machines;

more accuratein predicting very low densities and has fewer artefacts
compared with CatBoost.

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 up to 10,000
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 ROC AUC (areaunder thereceiver 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.

Foreachdataset and method, we ran 10 repetitions with different ran-
domseeds and train-test splits (90% train, 10% test). We tuned hyper-
parameters using random search with five-fold cross-validation, with
timebudgetsranging from30 sto4 h. Allmethods were evaluated using
eight CPU cores, with TabPFN additionally using aconsumer-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 onall 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’.

TabPFN (default)

TabPFN (4 h tuned) Average fit + predict time (s)

RF, random forest; CB, CatBoost; XGB, XGBoost; Lin, logistic regression for
classificationand ridge regression for regression tasks. Plots on the right-hand
side show amagnified analysis of the strongest baselines considered. b, A per-
dataset comparison of TabPFN with its strongest baseline, CatBoost. Each dot
istheaverage score on one dataset. ¢, Theimpact of hyperparameter tuning for
the considered methods. The x-axis shows the average time required to fitand
predict with thealgorithm.

Comparison with state-of-the-art baselines

Figure 4a demonstrates the strong out-of-the-box performance of
TabPFN compared with tuned and default configurations of XGBoost,
CatBoost and arandom forest. For classification tasks, TabPFN sur-
passes CatBoost, the strongest default baseline, by 0.187 (0.939 com-
pared with 0.752) in normalized ROC AUC in the default setting and by
0.13(0.952 compared with 0.822) in the tuned setting. For regression,
TabPFN outperforms CatBoost in normalized RMSE by 0.051 (0.923
compared with 0.872) in the default setting and by 0.093 (0.968 com-
pared with 0.875) in the tuned setting. In Fig. 4b, we show per-dataset
comparisons. Although for some datasets CatBoost outperforms
TabPFN, TabPFN wins on most of the datasets.

Figure 4c shows how the performance of TabPFN and the baselines
improve with more time spent on hyperparameter search. The default
of TabPFN, taking 2.8 s on average for classificationand 4.8 s for regres-
sion, outperforms all baselines, even when tuning them for 4 h—a
speedup of 5,140x and 3,000x, respectively. We show comparisons
onalarger number of metrics in Extended Data Tables1and 2.

AsshowninExtended DataFig. 2, similar to our primary benchmarks,
TabPFN substantially outperformed all baselines on the benchmarks of
refs. 14,15. The benchmark of ref. 14 is particularly noteworthy because
onthisbenchmark, tree-based methods were previously found to excel.
Moreover, we show in Extended Data Table 6 that default TabPFN
outperforms default CatBoost on all five Kaggle competitions with
less than 10,000 training samples from the latest completed Tabular
Playground Series.

Evaluating diverse data attributes
In Fig. 5a,b, we show the robustness of TabPFN to dataset character-
istics that are traditionally hard to handle for neural-network-based
approaches?*,

Figure 5aprovides an analysis of the performance of TabPFN across
various dataset types. First, we add uninformative features (randomly
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Fig.5|Robustness across datasets and performance comparison with
tuned ensembles. a, Acomparison of modified datasets. We can see that
TabPFNis not more vulnerable to the modifications compared with baselines.
Wealso see that TabPFN reproduces the accuracy of CatBoost (default) with
only halfthe training samples provided. Here we normalize scores per dataset
(sharing one normalization across all modifications of one experiment) to
avoid negative outliers. b, We split the test datasets by data characteristics and

shuffled features from the original dataset) and outliers (multiply each
cell with 2% probability witharandom number between 0 and the out-
lier factor). Theresults show that TabPFNis very robust to uninforma-
tive features and outliers, something typically hard for neural networks,
ascanbeseen with the MLP baseline. Second, although droppingeither
samples or features hurts the performance of all methods, with half
the samples TabPFN still performs as well as the next best method
using all samples.

In Fig. 5b, we split our test datasets into subgroups and perform
analyses per subgroup. We create subgroups based on the presence of
categorical features, missing values, number of samples and number of
features in the datasets. The sample- and feature-number subgroups
are split such that a third of the datasets fall into each group. We can
see that none of these characteristics strongly affect the performance
of TabPFN relative to the other methods. However, we note that these
results should not be taken as evidence that TabPFN scales well beyond
the 10,000 samples and 500 features considered here. We show four
further ablations in Extended Data Fig. 1.

Comparison with tuned ensemble methods

We compare the performance of TabPFN with AutoGluon 1.0 (ref. 40),
which combines various machine learning models, including our base-
lines, into astacked ensemble*, tunes their hyperparameters and then
generates the final predictions using post hoc ensembling (PHE)***. It
thus represents a different class of methods compared with individual
baselines.

Toassess whether TabPFN can also be improved by atuned ensemble
approach, we introduce TabPFN (PHE). TabPFN (PHE) automatically
combines only TabPFN models with PHE and tunes their hyperparam-
eters using a random portfolio from our search space. We detail this
approachinthe section ‘TabPFN (PHE)".
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d, Regression performance presented asin cbutusing the RMSE metric.
Intervals represent the 95% confidence interval and Wilcoxon Prefers to the
two-sided Wilcoxonsigned-rank test Pvalue®*.

Figure 5c-d compares the performance of TabPFN, TabPFN (PHE),
AutoGluon and CatBoost. For TabPFN (PHE) and AutoGluon, we start
with a minimal budget of 300 s for tuning because AutoGluon oth-
erwise does not reliably return results. In just 2.8 s, TabPFN (default)
outperforms AutoGluon for classification tasks, even if AutoGluon is
allowed up to 4 h, a 5.140x speedup. TabPFN (PHE) further improves
performanceleading to anaverage normalized ROC AUC score of 0.971,
compared with 0.939 for TabPFN (default) and 0.914 for AutoGluon.
For regression tasks, tuning hyperparameters is more important. Here,
TabPFN (PHE) outperforms AutoGluon (allowed 4 h) after its minimal
tuning budget of 300 s, a 48x speedup.

Foundation model withinterpretability

Apart from its strong predictive performance, TabPFN exhibits key
foundation model abilities, such as data generation, density estima-
tion, learning reusable embeddings and fine-tuning. We showcase
these abilities through proof-of-concept experiments on the Ger-
man Credit Dataset**, which contains credit risk information and the
mfeat-factors® dataset classifying handwritten digits based onatabular
representation.

TabPFN can estimate the probability density function of numerical
features, asshownin Fig. 6a, and the probability mass function of cat-
egorical features. Computing the sample densities enables anomaly
detectiontoidentifyissues suchas fraud, equipment failures, medical
emergencies or low-quality data.

TabPFN also allows synthesizing new tabular data samples that mimic
real-world dataset characteristics as shownin Fig. 6b. This enables appli-
cations such as dataaugmentation or privacy-preserving datasharing*.

The architecture of TabPFN yields meaningful feature repre-
sentations that can be reused for downstream tasks such as data
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Fig. 6 |Showcase of the application of TabPFN as tabular foundation model.
a,b, Onthe German Credit Dataset, we perform data density estimation (a) and
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areuseful representations of each sample on the handwritten digits dataset

imputation and clustering. We extract and visualize learned embed-
dings from the mfeat-factors dataset in Fig. 6¢, showing improved
class separation compared with the raw data on the first two principal
components.

Furthermore, we demonstrate the ability of TabPFN toimprove per-
formance through fine-tuning on related datasets. Unlike tree-based
methods, the neural architecture of TabPFN enables fine-tuning on
specific dataset classes. We conduct proof-of-concept experiments
using sine curve datasets with varying offsets between fine-tuning and
testdata. Figure 6d shows an example fine-tuning result. Our analysis
across 50 runs (Extended Data Fig. 4) shows that TabPFN successfully
transfers knowledge even when labels differ significantly between
fine-tuning and test tasks, with performance improving as distributions
become more similar. This could, for example, enable fine-tuning for a
range of datasets from medical studies to obtain animproved general
model for medical diagnosis tasks. For details, refer to section ‘Founda-
tion model abilities’.

Finally, we have developed a methodology to easily interpret the
predictions of TabPFN. Interpretability is crucial for building trust
and accountability when deploying models in high-stakes domains.
We support the computation of feature importance through SHAP*
(Shapley Additive Explanations), a game-theoretic approach to
explain predictions. SHAP values represent the contribution of each
feature to the output of the model. Extended Data Fig. 3 compares
the feature importance and impact for logistic regression, CatBoost
and TabPFN. TabPFN achieves high accuracy while learning simple,
interpretable feature relationships. By contrast, logistic regression is
interpretablebut less accurate, whereas CatBoost isaccurate but quali-
tatively less interpretable because of complex, non-smooth decision
boundaries.

Conclusion

TabPFN represents a major change in tabular data modelling, lever-
aging ICL to autonomously discover a highly efficient algorithm that
outperforms traditional human-designed approaches on datasets with
upto10,000 samplesand 500 features. This shift towards foundation
models trained on synthetic dataopens up new possibilities for tabular
data analysis across various domains.

Potential future directions include scaling to larger datasets*,
handling datadrift*, investigating fine-tuning abilities across related
tabular tasks*® and understanding the theoretical foundations of our
approach®. Future work could also explore creating specialized priors
to handle data types such as time series®> and multi-modal data, or
specialized modalities such as ECG, neuroimaging data® and genetic
data. As the field of tabular data modelling continues to evolve, we

Embedded data + PCA

Fine-tuning data

PCA2

Default TabPFN predictions

Y \ o

Finetuned TabPFN predictions

PCA2

X
Ground truth

Prediction Training sample

(mfeat-factors) with different classes forming different clusters. d, We
demonstrate fine-tuning TabPFN for a specific set of tasks. Fine-tunedona
dataset containing various sine curves (top), we see the model makes more
accurate predictions on another sine curve dataset.

believe that foundation models, such as TabPFN, will play akey partin
empowering researchers. To facilitate the widespread use of TabPFN,
inthe section ‘User guide’ we discuss how to use it effectively.
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Methods

User guide

When to use TabPFN. TabPFN excelsin handling small- to medium-sized
datasetswithupto10,000samplesand 500 features (Fig.4 and Extended
Data Table 1). For larger datasets and highly non-smooth regression
datasets, approaches such as CatBoost’, XGB’ or AutoGluon*®are likely
to outperform TabPFN.

Although TabPFN provides a powerful drop-in replacement for tra-
ditional tabular data models such as CatBoost, similar to these mod-
els, itis intended to be only one component in the toolkit of a data
scientist. Achieving top performance on real-world problems often
requires domain expertise and the ingenuity of data scientists. As for
other modelling approaches, datascientists should continue to apply
their skillsandinsights in feature engineering, data cleaning and prob-
lem framing to get the most out of TabPFN. We hope that the train-
ing speed of TabPFN will facilitate faster iterations in the data science
workflow.

Limitations of TabPFN. The limitations of TabPFN are as follows:
(1) theinference speed of TabPFN may be slower than highly optimized
approachessuch as CatBoost; (2) the memory usage of TabPFN scales
linearly with dataset size, which can be prohibitive for very large data-
sets; and (3) our evaluation focused on datasets with up to 10,000
samples and 500 features; scalability to larger datasets requires further
study.

Computational and time requirements. TabPFN is computation-
ally efficient and can run on consumer hardware for most datasets.
However, training on anew dataset isrecommended torunona (con-
sumer) GPU as this speeds it up by one to three orders of magnitude.
Although TabPFNis very fast to train, itis not optimized for real-time
inference tasks. For a dataset with 10,000 rows and 10 columns, our
model requires 0.2 s (0.6 s without GPU) to perform a prediction for
one sample, whereas CatBoost (default) can do the same in 0.0002s.
Inref. 55, further optimizing TabPFN specifically for inference tasks
has already been explored, resulting in four times faster inference
performance compared with even XGBoost, but so far also reducing
predictive quality. Refer to the section ‘Details on the neural archi-
tecture’ for details on the memory usage and runtime complexity of
TabPFN.

Data preparation. TabPFN can handle raw data with minimal pre-
processing. If we simply provide the data in a tabular format (NumPy
matrix), TabPFN will automatically handle missing values, encode
categorical variables and normalize features. Although TabPFN
works well out of the box, we can further improve the performance
using dataset-specific pre-processing. This can also be partly done
automatically with our PHE technique or manually by modifying the
default settings. When manually pre-processing data, we should keep
in mind that the neural network of TabPFN expects roughly normally
distributed features and targets after all pre-processing steps. If we,
for example, know that a feature follows a log distribution, it might
help to exponentiate it before feeding it to TabPFN. As TabPFN does
z-normalization of all inputs, scaling does not affect the predictions.
As for all algorithms, however, using domain knowledge to combine
or remove features can increase performance.

Hyperparameter tuning. TabPFN provides strong performance out
of the box without extensive hyperparameter tuning (see section
‘Comparison with state-of-the-art baselines’). If we have additional
computational resources, we can further optimize the performance
of TabPFN using hyperparameter optimization (HPO) or the PHE tech-
nique described in the section ‘TabPFN (PHE)". Our implementation
directly provides HPO with random search and PHE.

Details on the neural architecture

Our architecture is a variation of the original transformer encoder®
and the original PFN architecture?, but it treats each cell in the table
as a separate time position, similar to that in ref. 28. Therefore, it can
generalize to more training samples as well as features than seen dur-
ing training.

Figure 1b details our new architecture. All features that go into our
architecture are first mapped to floating point values, that is, cate-
goricals are transformed to integers. These values are subjected to
z-normalization using the mean and standard deviation for each fea-
ture separately across the whole training set. These values are now
encoded withsimple linear encoders. Each layer first has an attention
over features, followed by an attention over samples, both of which
operate separately on each column or row, respectively. These two
sub-layers are followed by an MLP sublayer. Each sublayer is followed
by aresidual addition and a half-precision layer norm.

We found that encoding groups of features can be even more effec-
tive compared with encoding one value per representation. For our
hyperparameter search space, we selected six architectures for clas-
sification and five for regression. In three of the six classification models
and four of the five regression models, including the TabPFN default, a
transformer position encodes two features of one example;in others,
it represents one value.

Although the inter-feature attention is a classical fully connected
attention, our inter-sample attention does not allow the test samples
to attend to each other but only to the training data. Therefore, we
make sure that the test samples do not influence each other or the train-
ing set representations. To allow our model to differentiate features
more easily that have the same statistics, for example, two features that
have the same entries just in different orders, we use random feature
embeddings that we add to all embeddings before the first layer. We
generate one embedding per feature by projecting arandom vector of
one-fourth the size of our embeddings through alearned linear layer
and add thistoallembeddings representing aninstance of that feature.

Astherepresentations of training samples are not influenced by the
test set, we cache the keys and values of the training samples to allow
splitting training and inference. We use a special variant of multi-query
attention for our inter-sample attention from test samples®® to save
memory when caching representations. Inour variant, we use all keys
and values for the attention between samples of the training set, but
repeatedly use the first key and value for attention from the test sam-
ples. This allows caching only one key or value vector pair per cell in
the training set that is fed into our inter-sample attention of new test
samples.

The compute requirements of this architecture scale quadratically
with the number of samples (n) and the number of features (m), thatis
0(n?+ m?), and the memory requirements scale linearly in the dataset
size, O(n - m).

Finally, we found that pre-processing inputs can help performance,
thus we can perform z-normalization of all inputs across the sample
dimension and add anextrainput for each cell thatindicates whether
the input was missing; the input itselfiis set to O in these cases. All
inputs are finally linearly encoded into the embedding dimension
of TabPFN.

Details on the causal generative process

An SCMG:= (Z, €) consists of a collection Z:= (z,, ..., z;) of structural
assignments (called mechanisms): z; = f (zppg(), €;), WherePAG(i) is the
set of parents of node i (its direct causes) in the underlying directed
acyclic graph (DAG) G (the causal graph), f;is a (potentially nonlinear)
deterministic function and ¢; is a noise variable. Causal relationships
in G are represented by edges pointing from causes to effects®. As
our prior is asampling procedure, we can make a lot of choices on,
for example, the graph size or complexity. By defining a probability
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distribution over these hyperparameters in the prior, the posterior
predictive distribution approximated by TabPFN at inference time
implicitly represents a Bayesian ensemble, jointly integrating over a
weighted hyperparameter space. The specifichyperparameter ranges
and sampling strategies are chosen to cover a diverse set of scenarios
that we expect to encounter in real-world tabular data.

Graph structure sampling. The structural causal models underlying
each dataset are based on a DAG G. We sample these graphs using the
growing network with redirection sampling method¥, a preferential
attachment process that generates random scale-free networks. We
either sample asingle connected component or merge multiple disjoint
subgraphs. Disjoint subgraphs lead to features that are marginally
independentofthetargetiftheyare not connected to the target node,
reflecting real-world scenarios with uninformative predictors.

To control the complexity of the sampled DAGs, we use two hyper-
parameters: the number of nodes Nand the redirection probability P.
Nis sampled from a log-uniform distribution, logN ~ ¢/(a, b), where a
and b are hyperparameters controlling the range of the graphsize. The
redirection probability P is sampled from a gamma distribution,
P~ TI(a, B), where a and B are shape and rate parameters, respectively.
Larger values of Nyield graphs with more nodes, whereas smaller val-
ues of Plead to denser graphs with more edges on average®.

Computational edge mappings. In our implementation, each SCM

node and sample is represented as a vector in RY. When propagating

datathrough the SCM, the deterministic functionsf;at each edge map
the input vectors to an output vector using four types of computa-
tional modules:

1. Small neural networks: here we initialize weight matrices W € R**¢
using Xavier initialization*®and apply alinear transformation Wx + b
to the input vectors x € R, where b € R? is a bias vector. After the
linear projection, we apply element-wise nonlinear activation func-
tionso:RY > RY, randomly sampled from a set, including identity,
logarithm, sigmoid, absolute value, sine, hyperbolic tangent, rank
operation, squaring, power functions, smooth ReLU%, step function
and modulo operation.

2. Categorical feature discretization: to generate categorical features
from the numerical vectors at each node, we map the vector to the
index of the nearest neighbour inaset of per node randomly sampled
vectors{p,, ..., p,} for afeature with K categories. This discrete index
willbe observedinthe feature set as a categorical feature. We sample
the number of categories K from arounded gamma distribution with
an offset of 2 to yield a minimum number of classes of 2. To further
use these discrete class assignments in the computational graph,
they need tobe embedded as continuous values. We sample a second
set of embedding vectors i/, ...p for each class and transform
the classes to these embeddings.

3. Decision trees: toincorporate structured, rule-based dependencies,
weimplement decision trees inthe SCMs. At certain edges, we select
asubset of features and apply decision boundaries on their values
to determine the output®. The decision tree parameters (feature
splits, thresholds) are randomly sampled per edge.

4. Noiseinjection: ateach edge, we add random normal noise from the
normal distribution A0, 6%/).

Initialization data sampling. For each to-be-generated sample, we
randomly generateinitialization datae thatis inserted at the DAG root
nodes and then propagated through the computational graph. The
noise variables € are generated according to one of three sampling
mechanisms:

1. Normal: € - A(0, 62), where g2 is a hyperparameter.

2. Uniform: € ~U(-a, a), where ais a hyperparameter.

3. Mixed: for each root node, we randomly select either a normal or

uniform distribution to sample the initialization noise € from.

Furthermore, we sample input data with varying degrees of non-
independence for some datasets. Here we first sample arandom frac-
tion p of samples to serve as prototypes xi*, ..., x;;, where M=pnandn
is the dataset size. Then, for each input vector x; to be sampled, we
assign weights a; to the prototypes and linearly mix the final input as

M
X= . ey, W
j=1

where } a;=1. The weights a; are sampled from a multinomial distri-
bution, a;~ Multinomial(8), where is atemperature hyperparameter
controllingthe degree of non-independence: larger fyields more uni-
form weights, whereas smaller 8 concentrates the weights on fewer
prototypes per sample.

Post-processing. Each dataset is post-processed randomly with one
or more of the following post-processings: (1) For some datasets, we
use the Kumaraswamy feature warping, introducing nonlinear distor-
tions® to features as done in ref. 61. (2) We quantize some continuous
features into buckets of randomly sampled cardinality K, mimick-
ing binned or discretized features commonly encountered in data-
sets. We map a feature value x to the index of the bucket it falls into,
determined by K +1bin edges sampled from the set of values this fea-
ture takes. (3) To introduce scenarios for dynamic imputation and
handling of incomplete datasets, acommon challenge in data sci-
ence, we randomly designate a fraction p,,,; of the data as missing ac-
cording to the missing completely at random strategy. Each value is
masked as missing with probability p.,., independently of the data
values.

Target generation. To generate target labels for regression tasks, we
select arandomly chosen continuous feature without post-processing.
For classification labels, we select a random categorical feature
that contains up to 10 classes. Thus, natively our method is limited
to predicting at most 10 classes. This number can be increased by
pre-training on datasets with a larger number of classes or by using
approaches such as building a one-vs-one classifier, one-vs-rest clas-
sifier or building on approaches such as error-correcting output codes
(ECOC)*.

Training details

The training loss of any PFN is the cross-entropy between the tar-
gets of held-out samples of synthetic datasets and the model pre-
diction. For atest set (Xeso Viest) = Dieser the training loss is given by
Lppn = E((Xtest,ytest) u D"ain)~p(D)[ - Iqu@(vtest |Xtest' Dtrain)]‘ By minimizing
this loss, the PFN learns to approximate the true Bayesian posterior
predictive distribution for achosen prior over datasets (and potentially
their latent variables) D, as shown in ref. 22.

We trained our final models for approximately 2,000,000 steps with
abatch size of 64 datasets. That means the models used for TabPFN
are trained on around 130,000,000 synthetically generated datasets
each. Onetrainingrunrequires around 2 weeks on one node with eight
Nvidia RTX 2080 Ti GPUs. We sample the number of training samples
for each dataset uniformly up to 2,048 and use a fixed validation set
size 0f 128. We sample the number of features using a beta distribution
(k=0.95, b=38.0) that we linearly scale to the range 1-160. To avoid
peaks in memory usage, the total size of each table was restricted to
be below 75,000 cells by decreasing the number of samples for large
numbers of features.

We chose the hyperparameters for the prior based on random
searches, in which we use only a single GPU per training and evaluate
on our development set, see section ‘Quantitative analysis’. We used
the Adam optimizer® with linear warmup and cosine annealing® and
tested a set of learning rates in [0.0001, 0.0005], using the one with
the lowest final training loss.



Inference details

To get the most performance out of TabPFN, it is crucial to optimize

its inference pipeline. We generally always apply TabPFN in a small

ensemble, in which we perform pre-processing or post-processing of
the data differently for each ensemble member.

As our models are not fully permutation invariant, for each ensemble
member, we shuffle the feature order, approximating order invari-
ance®. For classification tasks, we additionally randomly permute the
labels. We also apply atemperature to the softmax distribution of our
model outputs for calibration.

Apart from the above, we use a subset of the following for each of
our default ensemble members:

1. Quantile +Id: we quantize the inputs to equally spaced values bet-
ween 0 and1, butkeep acopy of each original feature. This effectively
doubles the number of features passed to TabPFN.

2. Category shuffling: the labels of categorical features with low cardi-
nality are shuffled.

3. SVD:anSVD compression of the features is appended to the features.

4. Outlier removal: all outliers, more than12 standard deviations from
the mean, are removed.

5. Power transform: each feature (or the label for regression) is trans-
formed using a Yeo-Johnson transformation to stabilize the variance
and make the data more normally distributed.

6. One-hot encoding: categorical features are encoded using one-hot
encoding, in which each category is represented as a binary vector.

For PHE and hyperparameter tuning of TabPFN, we use alarger set of
pre-processing techniques that additionally include alogarithmic, an
exponential and a KDI transformation®, These transformations help
address nonlinear relationships, skewed distributions and varying
scales among features.

To calibrate prediction uncertainty, we apply a softmax temperature
(default T=0.9) by dividing logits before the softmax calculation:

__exp(z/T)
PG 10 5, explz/T)’ )
where z;are thelogits, Tis the temperature and P(y,|x) is the calibrated
probability. We offer the option to generate second-order polynomial
features by multiplying up to 50 randomly selected feature pairs:
f=Xx;, for(ij)es, 3)
where S is the set of randomly chosen feature pairs. This can capture
nonlinear interactions between features. This option is disabled by
default. To ensure proper handling of duplicate samples given the
sample permutation invariance of our architecture, we add a unique
sampleidentifier feature. This isarandom number drawn froma stand-
ard normal distribution, ensuring each sample is treated distinctly in
the attention mechanism. We also provide an option for subsampling
ineach estimator, toincrease ensemble diversity, which performs ran-
domsampling without replacement. This optionis disabled by default.

Regression details. To enable our model to do classificationonalarge
range of scales and target distributions, we use the following approach.
During pre-training, we rescale our regression targets to have zero
meanand astandard deviation of 1 (z-score). To decide where the bor-
dersbetween our features lie, we draw alarge sample of datasets from
our prior and choose the 1/5,000 quantiles from this distribution. At
inferencetime, we bring the real-world data to asimilar range by again
applying z-score normalization. Furthermore, we allow applying a
range of transforms, including a power transformas part of our default.
All of the transforms, including the z-score are inverted at prediction
time by applying the inverse of the transform to the borders between

buckets. Thisis equivalent to applying the inverse of the transform to
the random variable represented by our output distribution but for
the half-normals used onthe sides for full support®. This is because all
transforms are strictly monotone and theborders represent positions
on the cumulative distribution function.

Data grouping based on random forest. To perform well on very het-
erogeneous datasets, we also propose to use random trees to split the
training datainto smaller more homogeneous datasets. This technique
is used only when performing HPO or PHE for TabPFN. It is especially
useful for TabPFN as our model performs best on small datasets.

The pre-processing for a single ensemble member, that is, a single
tree, works as follows: we use astandard random tree with feature and
sample bootstrapping and Giniimpurity loss. Foreachleafnode of the
decisiontree, we store the subset of training samples that fall into that
node and train a TabPFN on these. To predict the class label for a test
sample x, we determine the TabPFN to use by passing x through the
decisiontree. We set the minimal leaf size to be large (500-2,000) such
thattheresulting datagroups are large enough to train a strong model.

TabPFN (PHE)

To further enhance the inference performance of TabPFN, in TabPFN
(PHE), we use PHE for afixed portfolio of TabPFN configurations from
oursearchspace detailed in Extended Data Table 5. For TabPFN (PHE),
we first use holdout validation to sequentially evaluate models from
the portfolio until atime limit is reached. After allmodels are evaluated
once, we repeat holdout validation with new data splits until the time
limitis reached. Then, we ensemble all evaluated TabPFN models by
aggregating their predictions with a weighted arithmetic mean. We
learn the weights using greedy ensemble selection (GES)***° with 25
iterations on prediction datafrom holdout validation. Finally, we prune
each zero-weighted model, refit all remaining models on all data and
return the weighted average of their predictions.

Following standard practice in AutoML, we use GES because its pre-
dictive performance s often superior to the best individual model**” %,
Owing to its ICL, we expect TabPFN to overfit the training dataless
than predictions of traditionally trained algorithms; thus, we opt for
(repeated) holdout validation (as in Auto-Sklearn1; ref. 67) instead of
(repeated) cross-validation (as in AutoGluon*°). Moreover, as GES usu-
ally produces sparse weight vectors*%°, we expect the final ensemble
after pruning each zero-weighted model to consist of asmaller number
of models than for other ensembling approaches, such asbagging. Con-
sequently, PHE can also improve the inference efficiency of a TabPFN
ensemble compared with other ensembling approaches.

Foundation model abilities

Density estimation. The combination of aregression and a classifica-
tion TabPFN can be used as a generative model for tabular data, not
only modelling targets but features as well. Let D= {(x,-,yl.)}?i1 denote
the original dataset, where x; € R? is a d-dimensional feature vector
andy;isthe correspondingtarget value, and let g, represent our trained
TabPFN model, either aregression or classification model depending
on the target type. We aim to approximate the joint distribution of a
new example and its label p(x, y| D). To do this, we factorize the joint
distribution as

d
p(x,yID) =[] p(x;Ix;, D) - p(yIx, D) (4)
j=1
d
= l_l qg(x}'lxg'v D:,<j) * qg(ylxr D)r (5)
Jj=1

where we only condition on a subset of the features in the training set
(D, ). The feature order of the joint density factorization influences
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the estimated densities. Toreduce variance from this source, we apply
apermutation sampling approximation of Janossy Pooling atinference
time, inwhich we average the outputs of N;feature permutations, with
N;=24in our experiments®*.

Aswe cannot condition onan empty feature set for technical reasons,
we condition the prediction of the first feature x;, on a feature with
random noise, that is, no information.

The above factorization of the density of a sample (equation (5)) is
completely tractable and we thus use it to estimate the likelihood for
data points. This enables tasks such as anomaly detection and outlier
identification.

Synthetic data generation. We can leverage the generative abilities
of TabPFN (see section ‘Density estimation’) to synthesize new tabu-
lar data samples that mimic the characteristics of a given real-world
dataset, by simply following the factorization in equation (5) and
sampling each feature step by step. The generated synthetic samples
(x*,y") can be used for various purposes, such as data augmentation,
privacy-preserving data sharing and scenario simulation.

Embeddings. TabPFN can be used to retrieve meaningful feature rep-
resentations or embeddings. Given a dataset D= {(x,-,y’.)}ﬁl, the goal
is to learn a mapping f, :RY> R that transforms the original
d-dimensional feature vectors x;into an embedding space of dimen-
sion k. The resulting embeddings fe (x) € R¥ capture the learned
relationships between features and can be used for downstream tasks.
To use TabPFN for this problem, we simply use the target-column
representations of its final layer as embeddings.

Detailed evaluation protocol
To rigorously assess the performance and robustness of TabPFN, we
conduct acomprehensive quantitative evaluation onstandard tabular
dataset benchmarks, comparing against state-of-the-art baselines
under astandardized protocol.

Default configuration of TabPFN. Unlike traditional algorithms,
in-context-learned algorithms do not have hyperparameters that
directly control their training procedure. Instead, hyperparameters
for inference of TabPFN only control the pre-processing of data and
post-processing of predictions (for example, feature scaling or softmax
temperature). Our default configuration (TabPFN (default)) for both
classification and regressionis optimized foraccurate predictions with
minimal fitting time. Here, we apply the same model multiple times
with different pre- and post-processors and take the average over the
predictions, yielding a four-way (eight-way for regression) ensemble.
The settings for our data processing were obtained through a hyper-
parameter search optimized on our development datasets. The exact
settings chosenare listed in Extended Data Table 5. We emphasize that,
as for other foundation models (such as GPT), we trained our TabPFN
model once and used the same model to performICLinaforward pass
onall new datasets.

Baselines. We compare with tree-based methods, such as random
forests®, XGBoost’, CatBoost’ and LightGBM®, the state of the art for
experts to perform predictions on tabular data*". We also compare
with simpler methods, such as ridge regression’®, logistic regression
and SVMs®, Although standard neural networks, which unlike TabPFN
donotuse ICL, were shown to underperform for small (<10,000 sam-
ples) tabular data"*"!, as a point of reference, we still consider asimple
neural network, the MLP.

Tabular dataset benchmarks. We perform our analysis on two widely
used and publicly available benchmark suites: the standard AutoML
benchmark® and the recent regression benchmark OpenML-CTR23
(ref. 37). Both benchmarks comprise a diverse set of real-world tabular

datasets, carefully curated to be representative of various domains and
datacharacteristics. The authors of the benchmark suite selected these
datasets based on criteria such as sufficient complexity, real-world
relevance, absence of free-form text features and diversity of problem
domains.

For our quantitative analysis of TabPFN for classification tasks, we
use a set of test datasets comprising all 29 datasets from the AutoML
benchmark with up to 10,000 samples, 500 features and 10 classes.
For regression tasks, the AutoML benchmark contains only 16 data-
sets matching these constraints. To increase statistical power, we
augmented this set with all datasets matching our constraints from
therecent OpenML-CTR23 benchmark, yielding atest set of 28 unique
regression datasets in total. Extended Data Tables 3 and 4 provide
full details for our test sets of classification and regression datasets,
respectively.

We further evaluated additional benchmark suites from refs. 14,15.
Inref. 14, there are 22 tabular classification datasets selected based on
criteriasuch as heterogeneous columns, moderate dimensionality and
sufficient difficulty. Inref. 15, there is a collection of 176 classification
datasets, representing one of the largest tabular data benchmarks.
However, the curation process for these datasets may not be as rigorous
or quality controlled as for AutoML Benchmark and OpenML-CTR23. We
also evaluated five Kaggle competitions withlessthan 10,000 training
samples from the latest completed Tabular Playground Series.

Development datasets. To decide onthe hyperparameters of TabPFN,
aswellas our hyperparameter search spaces, we considered another set
of datasets, our development datasets. We carefully selected datasets
to be non-overlapping with our test datasets described above. The
list of development datasets can be found in Supplementary Tables 5
and 6. We considered the mean of normalized scores (ROC/RMSE)
and rank quantiles and chose the best model configurations on these
development datasets.

Metrics and cross-validation. To obtain scores for classification tasks,
we use two widely adopted evaluation metrics: ROC AUC (One-vs-Rest)
and accuracy. ROC AUC averages performance over different sensi-
tivity-specificity trade-offs, and accuracy measures the fraction of
sampleslabelled correctly.

For regression tasks, we use Rand negative RMSE as evaluation met-
rics. R? represents the proportion of variance in the target column
that the model can predict. RMSE is the root of the average squared
magnitude of the errors between the predicted and actual values. As
we use negative RMSE, for all our four metrics higher values indicate
abetter fit.

To increase statistical validity, for each dataset and method in our
test datasets, we evaluated 10 repetitions, each with a different random
seed and train-test split (90% train and 10% test samples; all methods
used the same cross-validationsplits, defined by OpenML?). We average
thescores of all repetitions per dataset. Then, to average scores across
datasets, we normalize per dataset following previous benchmarks®*4°,
The absolute scores are linearly scaled such that a score of 1.0 corre-
sponds to the highest value achieved by any method on that dataset,
whereas a score of O represents the lowest result. This normalization
allows for building meaningful averages across datasets with very dif-
ferent score ranges. We provide absolute performance numbers in
Supplementary Data Tables 1-2. All confidence intervals shown are
95% confidence intervals.

We tuned all methods with a random search using five-fold cross-
validation withROC AUC/RMSE up to agiventime budget, ranging from
half a minute to 4 h. The first candidate in the random search was the
defaultsetting suppliedin theimplementation of the method and was
also used if not a single cross-validation run finished before the time
budget was consumed. See the section ‘Qualitative analysis’ for the used
search spaces per method. All methods were evaluated using 8 CPU



cores. Moreover, TabPFN makes use of a 5-year-old consumer-grade
GPU (RTX 2080 Ti). We also tested GPU acceleration for the baselines.
However, as Extended Data Fig. 2 shows, this did not improve perfor-
mance, probably because of the small dataset sizes.

Data availability

All datasets evaluated are publicly available on openml.org or kaggle.
com. We have provided scripts in our code repository that automate
the process of downloading and evaluating the datasets. These scripts
contain datasetidentifiers, as well as exact data splitting and processing
procedures.

Code availability

Our code is available at https://priorlabs.ai/tabpfn-nature/ (https://
doi.org/10.5281/zen0d0.13981285). We also provide an APl that allows
users to run TabPFN with minimal coding experience or without the
availability of specific computing hardware such as a GPU. The code
is designed to be modular and easily installable in a standard Python
environment. The code to generate synthetic pre-training data has
not beenreleased with our models. We aim to enable researchers and
practitioners to easily integrate TabPFN into their workflows and apply
it to their specific tabular data tasks. We encourage users to provide
feedback, reportissues, and contribute to the further development of
TabPFN. This openrelease aims to facilitate collaboration and acceler-
atethe adoptionand advancement of TabPFNin various research and
application domains.

55. Muller, A., Curino, C. & Ramakrishnan, R. Mothernet: a foundational hypernetwork for
tabular classification. Preprint at https://arxiv.org/abs/2312.08598 (2023).

56. Shazeer, N. Fast transformer decoding: one write-head is all you need. Preprint at https://
arxiv.org/abs/1911.02150 (2019).

57.  Krapivsky, P. L. & Redner, S. Organization of growing random networks. Phys. Rev. E 63,
066123 (2001).

58. Glorot, X. & Bengio, Y. Understanding the difficulty of training deep feedforward neural
networks. In Proc. 13th International Conference on Artificial Intelligence and Statistics
249-256 (JMLR, 2010).

59. Nair, V. & Hinton, G. Rectified linear units improve restricted Boltzmann machines. In
Proc. 27th International Conference on Machine Learning (eds Flrnkranz, J. & Joachims, T.)
807-814 (Omnipress, 2010).

60. Quinlan, J. R. Induction of decision trees. Mach. Learn. 1, 81-106 (1986).

61.  Miller, S., Feurer, M., Hollmann, N. & Hutter, F. PFNS4BO: in-context learning for Bayesian
optimization. In Proc. 40th International Conference on Machine Learning 25444-25470
(PMLR, 2023).

62. Dietterich, T. G. & Bakiri, G. Solving multiclass learning problems via error-correcting
output codes. J. Artif. Intell. Res. 2, 263-286 (1994).

63. Loshchilov, I. & Hutter, F. SGDR: Stochastic gradient descent with warm restarts. In Proc.
5th International Conference on Learning Representations (ICLR, 2017).

64. Murphy, R. L., Srinivasan, B., Rao, V. A. & Ribeiro, B. Janossy pooling: learning deep
permutation-invariant functions for variable-size inputs. In Proc. 7th International
Conference on Learning Representations (ICLR, 2019).

65. McCarter, C. The kernel density integral transformation. Transact. Mach. Learn. Res.
https://openreview.net/pdf?id=60EcDKZ]5j (2023).

66. Caruana, R., Munson, A. & Niculescu-Mizil, A. Getting the most out of ensemble selection.
In Proc. 6th IEEE International Conference on Data Mining (eds Clifton, C. et al.) 828-833
(IEEE, 2006).

67. Feurer, M. et al. in Automated Machine Learning: Methods, Systems, Challenges
(eds Hutter, F. et al.) Ch. 6 (Springer, 2019).

68. Purucker, L. & Beel, J. Assembled-OpenML: creating efficient benchmarks for ensembles
in AutoML with OpenML. In Proc. First International Conference on Automated Machine
Learning (AutoML, 2022).

69. Purucker, L. & Beel, J. CMA-ES for post hoc ensembling in AutoML: a great success and
salvageable failure. In Proc. International Conference on Automated Machine Learning
Vol. 224,1-23 (PMLR, 2023).

70. Hoerl, A. E. & Kennard, R. W. Ridge regression: biased estimation for nonorthogonal
problems. Technometrics 12, 55-67 (1970).

71.  Shwartz-Ziv, R. & Armon, A. Tabular data: deep learning is not all you need. Inf. Fusion 81,
84-90 (2022).

72. Vanschoren, J., van Rijn, J. N., Bischl, B. & Torgo, L. OpenML: networked science in machine
learning. SIGKDD Explor. 15, 49-60 (2014).

73. Fix, E. & Hodges, J. L. Discriminatory analysis. Nonparametric discrimination: consistency
properties. Int. Stat. Rev. 57, 238-247 (1989).

Acknowledgements We express our gratitude to the following individuals for their valuable
contributions and support. We thank E. Bergman for his assistance with the evaluation of
TabPFN, for helping implement the random forest pre-processing, and for his efforts in
improving the code quality and documentation. His contributions were instrumental in
benchmarking TabPFN and ensuring the reproducibility of our results. We thank A. Gupta
and D. Otte for their work on the Inference Server, which enables the fast deployment

of TabPFN without the need for a local GPU. Their efforts have greatly enhanced the
accessibility and usability of TabPFN. We thank L. Schweizer for his work on exploring the
random forest pre-processing for TabPFN further. We thank D. Schnurr and K. Helli for their
work on visualization, and D. Schnurr for his specific contributions related to handling
missing values. We thank S. M. Lundberg for the collection of visualization methods for
feature attribution that we adapted for our work. We thank A. Mdiller for the insightful
discussions related to TabPFN training and for his guidance on identifying and mitigating
biases in the prior. His expertise has been invaluable in refining the TabPFN methodology.
We are very grateful to C. Langenberg and M. Pietzner for providing insights on medical
applications, interpreting model results and offering general advice. Their continued
support has been instrumental in shaping this work. We thank S. Staglich for his outstanding
maintenance and support with the cluster infrastructure. We thank B. Lake for his general
paper writing advice. We are grateful for the computational resources that were available for
this research. Specifically, we acknowledge support by the state of Baden-Wirttemberg
through bwHPC and the German Research Foundation (DFG) through grant no INST 39/963-1
FUGG (bwForCluster NEMO), and by the Deutsche Forschungsgemeinschaft (DFG, German
Research Foundation) under grant no. 417962828. We acknowledge funding by the Deutsche
Forschungsgemeinschaft (DFG, German Research Foundation) under SFB 1597 (SmallData),
grant no. 499552394, and by the European Union (through ERC Consolidator Grant
DeepLearning 2.0, grant no. 101045765). Views and opinions expressed are however those of
the authors only and do not necessarily reflect those of the European Union or the European
Research Council. Neither the European Union nor the granting authority can be held
responsible for them. F.H. acknowledges the financial support of the Hector Foundation.

Author contributions N.H. improved the prior of the model; added regression support,
unsupervised capabilities and inference optimizations; and contributed to the experiments
and wrote the paper. S.M. improved the neural network architecture, training and efficiency;
added inference optimizations; and contributed to experiments and wrote the paper. L.P.
improved the inference interface of the model; contributed to hyperparameter tuning; added
post hoc ensembling of TabPFN models; contributed to benchmarking; and wrote the paper.
A.K. added inference optimizations and Kaggle experiments. M.K. contributed to inference
optimizations. S.B.H. contributed to the usability of our code. RT.S. contributed to preliminary
architectural experiments to speed up inference and helped revise the first draft of the paper.
F.H. contributed technical advice and ideas, contributed to the random forest pre-processing,
managed collaborations and funding, and wrote the paper.

Competing interests The following patent applications invented by S.M. and F.H. and filed by
R. Bosch are related to this work: DE202021105192U1 and DE102021210775A1. The authors do
not have any ownership rights to these patent applications. F.H. and N.H. are affiliated with
PriorLabs, a company focused on developing tabular foundation models. The authors declare
no other competing interests.

Additional information

Supplementary information The online version contains supplementary material available at
https://doi.org/101038/s41586-024-08328-6.

Correspondence and requests for materials should be addressed to Noah Hollmann,
Samuel Mdiller or Frank Hutter.

Peer review information Nature thanks Duncan McElfresh, Oleksandr Shchur and the other,
anonymous, reviewer(s) for their contribution to the peer review of this work.

Reprints and permissions information is available at http://www.nature.com/reprints.


https://openml.org
https://kaggle.com
https://kaggle.com
https://priorlabs.ai/tabpfn-nature/
https://doi.org/10.5281/zenodo.13981285
https://doi.org/10.5281/zenodo.13981285
https://arxiv.org/abs/2312.08598
https://arxiv.org/abs/1911.02150
https://arxiv.org/abs/1911.02150
https://openreview.net/pdf?id=6OEcDKZj5j
https://doi.org/10.1038/s41586-024-08328-6
http://www.nature.com/reprints

>
q
(=
(o)
—
[¢)

# Classes (only cls.)  Balanced Classes (only cls.) #Features/#Samples Ratio Target Outliers (only reg.)

Normalized Average Performance
(ROC AUC and Negative RMSE)

Binary vs. Multiclass Balanced #Features/#Samples Outliers (>10 std)?

B 2 classes 1|EEE balanced I 0.09% - 0.61% I Yes
= 3+ classes 3 imbalanced = 2.13% - 10.80%
a\)\’&\ a\)\&\ 30\’0 a\)\’&\ a\)\’&\ a\)\&\ SO 30 a\)\’&\ a\)\&\ a\)\&\ a\>\0 a\)\’&.\ 30\’&\ a\)\&\ SO
SN Sl Sl SIS & & SIS OSSN Sl
W ¢ O O O W% 08 W& ¢ O O O W% 08\

o o g\\«? & N R W e o oo W e N RN g\\g @

@ 2P o @ 2® S @ 2P o @ 2® S
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Extended DataFig. 2| Performance comparisons of TabPFN and baselines
onadditional benchmark datasets and with GPU support. (a) Classification
performance on the Grinsztajn medium-sized benchmark with categorical
features, across 7 datasets. (b) Classification performance on the Grinsztajn

medium-sized benchmark with numerical features, across its 15 datasets.

(c) Classification performance on the TabZillabenchmark, consisting of 102
datasets with fewer than10,000 rows of data, 500 features, and 10 classes.
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Duplicated datasets and those with fewer than 5samples per class were
removed to enable 5-fold cross-validation. (d) Performance Over Time
Comparisonwith CPU vs. GPU Hardware: The performance over time when
running our strongest baselines with eight CPUs (CPU) vs. eight CPUs and on
one GPU (+GPU) on our classification test benchmark. AutoGluon automatically
decides whichmodels to train with what resources. For CatBoost and XGB, we
specified that the models should train with GPU. Intervals represent 95% CI.
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Extended DataFig.3|Comparing SHAP (SHapley Additive exPlanations) Weseethat Logistic Regression is mostinterpretable due to the simple underlying
summary plots between TabPFN and baselines. We compare SHAP feature functions. However, Logistic Regression has poor predictiveaccuracy, and the
importance and impact for Logistic Regression, TabPFN, and CatBooston the learned functions are unintuitive whenlooking at the outer bounds of features.
“Default of Credit Card Clients” dataset. The top features visualized are credit TabPFN hasgood predictive accuracy and learns simple, interpretable functions.
amount, age, and duration. Each point represents asingle instance, with the CatBoostistheleastinterpretable, withunclear patterns and wide variationin
colorindicating the value of the checking status feature (blue for low, red for SHAP values per sample. This figure is adapted from Lundberg etal.*.

high), illustratingits interaction with the respective feature on the x-axis.
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Extended DataFig. 4 |Finetuning TabPFN on 2-dimensional sine curve with better performance for more similar distributions. For a dataset shift of mr,
datasets. (a) Examples of 2D sine curve datasets with different offsets. theinverse labelneedstobe predictedinthe test set,compared to the finetuning
(b) Finetuningloss curves for 50 runs with random train-test offsets. Colors data. However, TabPFN still generalizes when finetuned on this data.

indicate the offset between train and test. TabPFN shows positive transfer,
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Extended Data Table 1| Aggregated results on the 29 AMLB classification Benchmark datasets

Mean Normalized Mean Wins Mean

ROC Acc. F1l CE ECE ROC Acc. F1 CE ECE ROC Acc. F1l CE ECE| Time (s)

(1) (1) (1) ) ) (1) (1) (1) ) ) (G I G T v B G D I
TabPFN (PHE, | 0.971 0.916 0.934 0.011 0.110 | 0.933 0.864 0.776 0.331 0.039 15.0 11.0 10.0 15.0 6.0 | 13754.896
4h tuned) +0.01 +0.01 +0.01 +0.00 +0.01| +0.01 +0.02 +0.04 +0.03 +0.01 +126.74
TabPFN (4h | 0.952 0.932 0.950 0.022 0.097| 0.932 0.865 0.778 0.336 0.038 6.0 80 80 50 5.0 | 14428.307
tuned) +0.01 +0.01 +0.01 +0.00 +0.01| +0.01 +0.02 +0.04 +0.03 +0.01 +4.98
TabPFN (de- [ 0.939 0.873 0.893 0.047 0.129 | 0.929 0.857 0.767 0.347 0.042 40 30 10 6.0 20| 2.793
fault) +0.01 +0.01 +0.01 +0.01 +0.02| +£0.01 +0.02 +0.04 +0.03 +0.01 +0.49
Autogluon(Vl, | 0.914 0.857 0.892 0.052 0.124 | 0.926 0.856 0.769 0.311 0.041 40 9.0 80 50 1.0 | 9660.060
BQ, 4h | +0.01 +0.02 +0.01 +0.01 +0.01| +0.02 +0.02 +0.04 +0.03 +0.01 +514.65
tuned)
XGB (4h | 0.831 0.726 0.741 0.277 0.377 | 0.920 0.844 0.739 0.432 0.066 1.0 00 0.0 1.0 1.0 | 14444.307
tuned) +0.02 +0.03 +0.02 +0.03 +0.03| +£0.02 +0.02 +0.04 +0.08 +0.03 +11.99
CatBoost (4h | 0.822 0.749 0.769 0.194 0.298 | 0.920 0.844 0.741 0.408 0.057 1.0 00 0.0 1.0 1.0 | 14437.103
tuned) +0.02 +0.02 +0.02 +0.03 +0.03| +0.02 +0.02 +0.04 +0.06 +0.02 +4.79
LightGBM 0.771 0.699 0.750 0.259 0.371 | 0.915 0.841 0.741 0.443 0.063 1.0 0.0 0.0 1.0 1.0 | 14410.417
(4h tuned) +0.02 +0.03 +0.02 +0.03 +0.04| +0.02 +0.02 +0.04 +0.11 +0.02 +1.37
CatBoost (de- | 0.752 0.708 0.765 0.178 0.262 | 0.913 0.839 0.748 0.404 0.053 00 1.0 1.0 10 2.0 | 5.874
fault) +0.02 +0.02 +0.02 +0.02 +0.02| +£0.02 +0.02 +0.04 +0.04 +0.01 +0.74
Random 0.719 0.631 0.632 0.383 0.472 | 0913 0.834 0.716 0.386 0.074 0.0 00 0.0 0.0 0.0 | 14404.904
Forest (4h | +0.03 +0.03 +0.03 +0.04 +0.03| +0.02 +0.02 40.05 +0.07 +0.02 +0.15
tuned)
LightGBM 0.684 0.665 0.732 0.314 0.414 | 0.908 0.836 0.745 0.461 0.068 0.0 00 00 1.0 0.0 0.583
(default) +0.03 +0.03 +0.03 +0.03 +0.04| +0.02 +0.02 +0.04 +0.06 +0.02 +0.06
XGB (de- | 0.658 0.629 0.713 0.334 0.538 | 0.906 0.834 0.743 0.468 0.079 0.0 00 00 1.0 0.0 0.814
fault) +0.03 +0.03 +0.03 +0.03 +0.04| +£0.02 +0.02 +0.04 +0.06 +0.02 +0.09
Random For- | 0.634 0.615 0.660 0.560 0.437 | 0.907 0.833 0.727 0.432 0.073 00 1.0 1.0 0.0 1.0 0.488
est (default) +0.04 +0.03 +0.03 +0.04 +0.03| +£0.02 +0.02 +0.04 +0.19 +0.02 +0.03
SVM (4h | 0.564 0.517 0.524 0.299 0.182 | 0.887 0.810 0.680 0.455 0.044 20 1.0 1.0 2.0 2.0 | 14412.047
tuned) +0.03 +0.03 +0.03 +0.03 +0.02| +0.02 +0.02 +0.04 +0.04 +0.01 +3.05
MLP (default) | 0.506 0.427 0.470 0.350 0.307 | 0.883 0.802 0.664 0.493 0.058 00 00 1.0 1.0 2.0 | 2.133

+0.03 +0.03 +0.03 +0.03 +0.03| +£0.02 +0.02 +0.05 +0.05 +0.02 +0.19
MLP (4h | 0.452 0.397 0.436 0.438 0.319 | 0.877 0.800 0.653 0.764 0.059 0.0 00 0.0 1.0 0.0 | 14408.730
tuned) +0.03 +0.03 +0.03 +0.04 +0.03| +£0.02 +0.02 +0.06 +0.65 =+0.02 +0.34
Log. Regr. | 0.396 0.340 0.379 0.394 0.256 | 0.874 0.789 0.637 inf 0.049 0.0 00 0.0 0.0 1.0 | 14406.416
(4h tuned) +0.04 +0.03 +0.03 +0.04 +0.03| +£0.02 +0.02 +0.04 +0.03 +0.02 +0.47
SVM (de- | 0.384 0.394 0.421 0.363 0.216 | 0.872 0.794 0.672 0.482 0.046 0.0 1.0 1.0 1.0 4.0 | 2.887
fault) +0.04 +0.03 +0.03 +0.04 +0.02| +£0.02 +0.02 +0.04 +0.03 +0.01 +0.60
Log. Regr. | 0.205 0.172 0.179 0.489 0.359 | 0.857 0.778 0.600 0.529 0.062 0.0 00 00 1.0 0.0 | 0.609
(default) +0.03 +0.03 +0.03 +0.04 +0.04| +0.02 +0.02 +0.04 +0.03 +0.02 +0.10

Scores are normalized on all the baselines shown in this table, with the weakest score set to 0.0 and the highest to 1.0, per dataset. All baselines are optimized for ROC AUC thus trading-off
representativeness of secondary metrics. Times for TabPFN refer to times on GPU. Datasets are available via OpenML https://www.openml.org/search?type=data&sort=runs&id={OPENML_ID}.
Exact train-test splits defined by OpenML tasks with task numbers in our code datasets/benchmark_dids.py.


https://www.openml.org/search?type=data&sort=runs&id=

Extended Data Table 2 | Aggregated results on the 28 AMLB and OpenML-CTR23 regression Benchmark datasets

Mean Normalized Mean Wins Mean
RMSE  Spear- R2 MAE RMSE Spear- R2 MAE RMSE Spear- R2 MAE Time (s)
) (1) (€3] (€3] 1) ‘) (1) 1 1

man(t) man(?) man(?)

TabPFN  (PHE, | 0.022 0.940 0.983 0.040 | 0.097 0.794 0.698 0.065 14.0 12.0 13.0 12.0 | 13556.550

4h tuned) +0.00 +0.02 +0.00 +0.01| +0.01 +0.03 +0.04 +0.01 +147.29
TabPFN (4h | 0.032 0.931 0.974 0.049 | 0.097 0.794 0.694 0.066 5.0 4.0 5.0 3.0 14438.452
tuned) +0.00 +0.02 +0.00 +0.01 | +£0.01 +0.03 +0.04 +0.01 +8.79
TabPFN (de- | 0.077 0942 0.939 0.080 | 0.101 0.795 0.682 0.069 0.0 2.0 0.0 3.0 4.745
fault) +0.01 +0.01 +0.01 +0.02 | £0.01 +0.03 +0.04 +0.01 +1.03
Autogluon(V1, 0.045 0.951 0.963 0.057 | 0.097 0.795 0.693 0.066 9.0 7.0 9.0 7.0 10199.980
BQ, 4h tuned) +0.01 +0.01 +0.01 +0.01 | £0.01 +0.03 +0.04 +0.01 +446.07
XGB (4h tuned) | 0.118 0.865 0.910 0.151 | 0.104 0.767 0.657 0.074 0.0 0.0 0.0 0.0 14417.297
+0.01 +£0.01 +£0.01 +0.02 | £0.02 +£0.03 +£0.05 +0.01 +2.52
CatBoost (4h | 0.125 0.858 0.899 0.146 | 0.103 0.778 0.671 0.072 0.0 1.0 1.0 1.0 14416.867
tuned) +0.02 +0.02 +0.02 +0.02 | £0.02 +0.03 +0.05 +0.01 +1.59
CatBoost (de- | 0.128 0.873 0.900 0.156 | 0.105 0.778 0.667 0.074 0.0 1.0 0.0 0.0 3.152
fault) +0.02 +£0.02 +0.02 +0.02 | £0.02 +0.03 +0.05 =+0.01 +0.32
LightGBM (4h | 0.129 0.834 0.900 0.168 | 0.103 0.773 0.672 0.073 0.0 0.0 0.0 0.0 14406.499
tuned) +0.02 +0.02 +0.02 +0.02 | £0.01 +0.03 +0.04 +0.01 +0.40
Random Forest | 0.170 0.839 0.875 0.199 | 0.110 0.769 0.648 0.078 0.0 0.0 0.0 0.0 14405.077
(4h tuned) +0.02 +0.02 +0.02 +0.02 | £0.01 +£0.03 +0.04 +0.01 +0.16
LightGBM (de- | 0.188 0.827 0.851 0.217 | 0.108 0.770 0.655 0.076 0.0 1.0 0.0 0.0 0.329
fault) +0.02 +0.02 +0.02 +0.03 | £0.02 +0.03 +0.05 =+0.01 +0.03
Random Forest | 0.218 0.817 0.826 0.243 | 0.112 0.766 0.637 0.078 0.0 0.0 0.0 0.0 2.273
(default) +0.02 +£0.02 +0.02 +0.03 | £0.02 +£0.03 +0.05 +0.01 +0.74
SVM (4h tuned) | 0.339 0.633 0.731 0.313 | 0.166 0.667 - 0.112 0.0 0.0 0.0 1.0 14405.359
+0.03 +0.04 +0.03 +0.03 | +£0.10 +0.03 4.687 +0.07 +0.27
+16.41
XGB (default) 0.352 0.688 0.689 0.351 | 0.116 0.721 0.568 0.082 0.0 0.0 0.0 0.0 0.603
+0.04 +0.04 +0.04 +0.04 | £0.02 +0.03 +0.06 +0.01 +0.06
MLP (4h tuned) | 0.451 0.494 0.612 0.475 | 0.139 0.667 0.492 0.100 0.0 0.0 0.0 0.0 14408.892
+0.04 +0.04 +0.04 +0.04 | £0.03 +0.08 +0.21 +0.02 +0.53
Ridge (4h | 0.469 0.550 0.599 0.526 | 0.142 0.678 0.504 0.106 0.0 0.0 0.0 0.0 14403.976
tuned) +0.04 +0.04 +0.04 +0.04 | £0.02 +0.04 +0.07 =+0.01 +0.16
Ridge (default) 0.487 0.539 0.582 0.548 | 0.144 0.676 0.498 0.108 0.0 0.0 0.0 0.0 0.144
+0.04 +0.04 +0.04 +0.04 | £0.02 +0.04 +0.07 =+0.01 +0.01
SVM (default) 0.590 0.513 0.491 0.501 | 0.181 0.634 0.270 0.123 0.0 0.0 0.0 1.0 0.521
+0.04 +0.03 +0.04 +0.04 | £0.02 +0.04 +0.06 =+0.02 +0.10
MLP (default) 0.632 0.394 0.448 0.666 | 0.210 0.589 - 0.161 0.0 0.0 0.0 0.0 1.276
+0.04 +0.04 +0.04 +0.04 | +0.03 +0.05 0.498 +0.02 +0.20
+0.21

Scores are normalized on all the baselines shown in this table, with the weakest score set to 0.0 and the highest to 1.0, per dataset. K-Nearest Neighbors™ performed significantly worse than
the considered baselines. All baselines are optimized for RMSE as an objective thus trading-off representativeness of secondary metrics. Times for TabPFN refer to times on GPU. Datasets
are available via OpenML https://www.openml.org/search?type=data&sort=runs&id={OPENML_ID}. Exact train-test splits defined by OpenML tasks with task numbers in our code datasets/
benchmark_dids.py.


https://www.openml.org/search?type=data&sort=runs&id=
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Extended Data Table 3 | List of test datasets used for primary evaluation of classification tasks

Name OpenML ID Domain Features Samples Targets Categorical
Feats.
ada 41156 Census 48 4147 2 0
Australian 40981 Finance 14 690 2 8
blood-transfusion-service-center| 1464 Healthcare 4 748 2 0
car 40975 Automotive 6 1728 4 6
churn 40701 Telecommunication 20 5000 2 4
cmc 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 0
cessed tion
jasmine 41143 Natural Language Processing 144 2984 2 136
kcl 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
pc4 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 41 1055 2 0
Satellite 40900 Environmental Science 36 5100 2 0
segment 40984 Computer Vision 16 2310 7 0
steel-plates-fault 40982 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 11 4898 7 0
yeast 181 Biology 8 1484 10 0

All classification tasks from the AutoML Benchmark® with fewer 10,000 samples and 500 features. The benchmark comprises diverse real-world tabular datasets, curated for complexity,
relevance, and domain diversity.



Extended Data Table 4 | List of test datasets used for primary evaluation of regression tasks

Name OpenML ID Domain Features Samples Categorical Fea-
tures
abalone 42726 Marine Biology 8 4177 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 44 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 43
kin8nm 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
SATll-HAND-runtime- 41980 Computational Logic 116 4440 1
regression
sensory 546 Food Science 11 576 11
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 8885 0
us_crime 42730 Criminology 126 1994 0
yprop_4_1 416 Cheminformatics 251 8885 0

All regression tasks from the AutoML*® and OpenML-CTR23% Benchmarks with fewer 10,000 samples and 500 features. The benchmark comprises diverse real-world tabular datasets, curated
for complexity, relevance, and domain diversity.
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Extended Data Table 5 | Hyperparameter defaults and search space for TabPFN and our baselines

Parameter

Default for Classifier

Default for Regressor

Search Space

Use the random forest preprocessing
Number of predictions to average per configuration
Feature reshaping method used

Average logits instead of probabilities of ensemble
members

Softmax temperature to calibrate uncertainty
Generate polynomial features

Number of standard deviations from the mean above
which values are log scaled

Reshaping method used on the target
Add unique row-identifier features
Ratio of randomly dropped samples (bootstrapped)

No
8
Quantile+SVD,ldentity

No

0.9
False
12.0

NA
Yes
0%

No
8

Quantile+SVD,Power
Transform

No

0.9
False

{identity, safepower}
Yes
0%

{No, Yes}
4
All preprocessings

{Yes, No}

{0.75, 0.8, 0.9, 0.95, 1.0}
{True, False}
{c0,7.0,9.0,12.0}

Selected preprocessings
{Yes, No}
{1%, 0%}

Model used Default CIf. Model Default Reg. Model Selection of 6, 5 models

b c
MLP XGBoost

hidden_layer_depth 1,2,3 learning_rate logU(e™7,1)

num_nodes_per_layer u{1e,...,264} max_depth u{1,2,...,10}

activation relu, tanh subsample U(0.2,1)

alpha logU(e™7,0.1) colsample_bytree U(0.2,1)

learning_rate_init logU(e™*,0.5) colsample_bylevel  14(0.2,1)

early_stopping

"train", "valid"

Random Forest

n_estimators
max_features
max_depth
min_samples_split

u{20,21,...,200}
log2, sqrt
u{1,2,...,45}
5,10

min_child_weight
alpha

lambda

gamma
n_estimators

logU(e ', e%)
logU(e™ 1, e2)
logU(e™ 16, e?)
logU(e™ 1%, e?)
u{100, 101, ...,4000}

LightGBM

SVM

C 0.1, 1, 10, 100
gamma auto, scale
kernel rbf, poly, sigmoid

CatBoost
learning_rate logU(e™%,1)
random_strength u{1,2,...,20}
12_leaf_reg log(1,10)
bagging_temperature U(0.0,1.0)

leaf_estimation_iterations

iterations

u{1,2,...,20}

1{100,101, ..., 4000}

num_leaves
max_depth
learning_rate
n_estimators
min_child_weight

subsample
colsample_bytree
reg_alpha
reg_lambda

u{s,6,...,50}

u{3,4,...,20}

logU(e™3,1)
u{50,51,...,2000}

le-5, 1le-3, le-2, le-1, 1, lel,
le2, 1e3, 1le4

14(0.2,0.8)

14(0.2,0.8)

0, le-1,1, 2,5,7,10, 50, 100

0, le-1, 1, 5, 10, 20, 50, 100

(a) TabPFN search space (b, c) Baseline search spaces.



Extended Data Table 6 | Performance on Kaggle Data Science Challenges

Competition Problem type CatBoost (default) | TabPFN (default) Metric

Episode 3 Binary Classification 0.841 0.868 ROC AUC [1]

Episode 5 Ordinal Regression 0.528 0.559 Quadratic Weighted Kappa [1]
Episode 9 Regression 12.506 12.238 RMSE [|]

Episode 22 Multiclass Classification 0.722 0.737 Micro-averaged F1-Score [1]
Episode 26 Multiclass Classification 0.435 0.432 Log loss [|]

Performance of default CatBoost and default TabPFN on all 5 Kaggle classification or regression competitions from the Tabular Playground Series Season 3 with late submission enabled, fewer
than 10,000 rows of data, 500 features, and 10 classes. We report the private score averaged over 5 seeds. For Episode 5, as ordinal regression can be treated as a classification or regression
task, for both CatBoost and TabPFN we tried both the regression and the classification model and chose the better of the two (regression for CatBoost; classification for TabPFN). Arrows indicate
the optimization direction for each metric. We emphasize that these results only compare Catboost and TabPFN on the raw competition data, not using any of the tricks the ingenious Kaggle
community applies, such as use of domain knowledge, data cleaning, special feature engineering, postprocessing and ensembling; nevertheless, these techniques can be combined with
TabPFN, and we hope that TabPFN’s improved base model performance will allow Kagglers to achieve even better results with them.
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