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“One thing that should be learned from the bitter lesson is the great power of general pur-
pose methods, of methods that continue to scale with increased computation even as the
available computation becomes very great.”

The Bitter Lesson - Richard Sutton

It has been over six years since Richard Sutton wrote his seminal reflection on the superiority of scalable, learning
based systems over solutions based on human intuition and knowledge [B8]. With the advent of LLMs, that have
not only redefined the field of natural language processing, but the industry at large, one could think that we have all
internalized this mindset and the era of human-crafted solutions in machine learning is coming to an end. Perhaps
disappointingly, when it comes to solving real life problems with supervised machine learning, we still rely on human
intuitions and analysis. Enterprises still depend on decision trees built on hand crafted, engineered features. And even
the biggest breakthroughs in supervised deep learning - a few of which are listed below - are often achieved with the
help of large amount of human-knowledge, distilled into specific data pipelines, architectural choices, custom auxiliary
losses etc.
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e The AlphaFold model [@], which is able to predict 3D structures from protein sequences at an unprecedented
quality and contributed to the Nobel prize in biology.

o The discovery of Halicin [37], a broad-spectrum antibiotic that was identified by a Deep Learning (DL) model
that screened what was considered to be an intractable search space.

e The expansion of the known stable materials space (and therefore also of the catalogue of potential supercon-
ductors, batteries, photovoltaics, etc.) by an order of magnitude using supervised property prediction [@].

e The paradigm shift in weather forecasting as recent weather prediction models consistently beat flagship
physics-based models while running on a single accelerator [25].

e Large-scale recommendation and ad-click prediction systems on major platforms (e.g. Google Play or YouTube)
which are now built on supervised deep neural networks trained on massive sparse/dense feature logs [9, 10,

29, .

These breakthroughs, while seemingly unrelated, all have a few things in common. Firstly, they can all be framed
as tabular prediction problems. Take the drug discovery example: here each molecular structure and its properties
would constitute a row in a large table of chemical compounds. Given this table, the goalis to predict the target column



for an unlabelled new row. This could mean regressing the value of the binding affinity or classifying whether or not
the molecule would work as an antibiotic. Similarly, weather forecasting, material search and recommender systems
can be cast onto tabular prediction problems. This seemingly trivial re-framing points towards a specific research
direction with exciting future opportunity.
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Another point in common between these milestones is their reliance on large amounts of resources in order to
succeed. Generally speaking, one could expect that each of them called for a team of dozens of experts working
together over several months, if not years. In addition to manpower they would also require spending huge amounts
of resources on compute, most of which would be spent on the exploration and development of the models. Recent
advances in DL research beg the question whether we are at a point where these efforts can be universally automated
with a single prediction engine. In such a paradigm the responsibility of the researcher no longer lies in endlessly
iterating over a single model to reach a particular objective. Instead, their task is to identify grand challenges that can
be expressed as tabular prediction problems and use the automated model as a universal tool to solve them. Crucially,
such a model would allow this (and any other) researcher to leverage the expertise, data and compute invested in its
development. We will refer to this model as universal predictor going forward to reflect its capabilities.

The final commonality between the aforementioned discoveries is their grounding in the real world. This means
that, similarly to recent advancements in natural language modelling research, a universal predictor would need to be
equipped with semantic knowledge of the world. This, along with the desire to amortise universal knowledge across
use cases in a single model, points towards universal predictors belonging to the foundation model family. With the
ambitious goal of creating such a universal predictor we motivate our work towards solutions that combine all of the
aspects mentioned above: work with structured data, automatically adapt to new tasks and accumulate knowledge
about the world through pre-training on vast amounts of data and tasks. This leads us to Tabular Foundation Models
(TEM).

The field of TFMs is relatively young, with the first mentions of this term only appearing about two years ago [40].
The underlying concepts, however, are much older. From a purely machine learning (ML) perspective, the current
instantiations can be seen as meta-learning where observations are sets of dimension-named vectors, or simply k-
shot classification/regression tasks [32, 33, 14, I7]. As a result, there are many frameworks that one can use to describe
these objects, the right choice will allow us to draw connections across models of interest and avoid unnecessary
confusion.

We choose to approach this problem from the perspective of stochastic processes, the language used in the Neural
Processes paper [I7], as it provided a modern day foundation to reason about latent decompositions of the meta-
learning problem. The first step will be to expand the original decomposition and then motivate why this view is helpful
in guiding research in the field of TFMs. Our main argument is twofold: on one hand it provides a unified language
to talk about relations between existing methods in the literature and ways in which they could be combined, and on
the other it provides a learning theory argument to why certain components can have a dramatic effect on the model
quality.

FUNDAMENTAL TABULAR PROCESS W

Definition 1(Fundamental Tabular Process (FTP)). Given data context C' = {(z%, %)} aswell as a collection
of facts F' = { f;}M and observations about the world W = {w}* we define a joint probability distribution

p(yplzp, C, F,W) = / / / (Pl P, 2)D(Z|Cs 20 (21 F, 20020 W)dz dzg dz,

where p(yp|xp, z) is Kolmogorov-consistent, so that it is a correct stochastic process [30].

Despite this probabilistic definition, our goal is not to motivate or promote the need for a Bayesian approach here.
Instead we resort to this decomposition of probabilities as a helpful tool to highlight the three critical components of
an FTP:

1. The Real World Similar to other foundation models, a universal predictor contains knowledge about the world.
In particular, this world is a single, consistent reality that imposes certain rules, structure, priors and meaning.
We cannot directly observe the world as a whole and instead have access to a certain finite collection W of ob-
servations. An example of such observations could be the entire internet, which these days is often compressed
into a Large Language Model (LLM), or into world models.

2. Local Reality Within this world, for any task there also exists a micro-world of a local reality specific to the task.
For example, within a scientific domain this could be the constraints and specific characteristics of a particu-
lar laboratory. In an enterprise setting this would correspond to the information within and associated with a
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company. As with the real world it is impossible to directly observe this latent variable, but we have access to
a collection of facts F' about this micro-world. Quite crucially, some of the facts here might contradict the real-
world knowledge. For example, ‘Krakow’ and ‘Madrid’ are two cities in the world, but within a company they
could be the names of two meeting rooms. A universal predictor should be able to accommodate both realities
and understand when to resort to which.

3. Labelled examples With these established, we get access to the context of the actual specific problem, repre-
sented as a collection of labelled observations C. Their interpretation and meaning now depends on the context
provided by the aforementioned facts and world knowledge. An example of this could be a column within a ta-
ble that contains distance information. This feature could be labelled with the word ‘mile, which has a very
specific meaning within the world we live in, that could further be affected by the fact that we might be solving
a problem related to marine life (and thus it is in fact, a ‘nautical mile).

FUNDAMENTAL TABULAR PROCESS W

Given all of the above, all potential future data points x p can be successfully labelled.

From a purely representational perspective, a Neural Process [17] is enough to represent any functional mapping

p(yplrp,C) = /p(yPpr,z)p(z|C)dz.

Why would one then introduce the two additional terms relating to W and F'? The fact that they correspond to in-
tuitive real-world objects is not enough justification to model them, we need a strict reason. The core argument we
want to build is that introducing these quantities through focused research effort will lead to a significant sample com-
plexity reduction in our tabular predictors. It is true that, in theory, we are able to learn any mapping defined by the
context variable and without the extra terms if we have enough training data [B, 12]. However, the number of samples
needed to reduce the error to an acceptable level might be prohibitively large. Especially in the real world, where the
acquisition of new data can be arbitrarily expensive and sometimes even outright impossible due to a problem’s con-
straints [34]. By acknowledging these two additional terms, we are identifying explicit opportunities to significantly
reduce sample complexity. The following simple corollaries formalise this based on known results in statistical learn-
ing theory.

We begin with the simplest part, the motivation for learning p(z.|C, -) through pre-training (or equivalently through
learning to learn or meta-learning), as opposed to designing hand crafted algorithms like in classical machine learning.
Most of the work in the current TFM landscape has been spent in this category [31, 20]. Conceptually, both designing
an algorithm and pre-training on a massive set of problems accomplish the same thing. Both approaches boil down
to creating some notion of a prior P over the function space, which should contain the function we want to model at
inference. We know from standard PAC bounds that knowing a prior is directly related to our sample complexity, as
formalised in the following corollary.

LEARNING TOLEARN W

Corollary 1(Benefits of Pre-training). Let Q* be a target distribution of functions and P be a prior. To learn a
hypothesis with generalisation error e and confidence 1 — §, the sample complexity is bounded by
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if Q* is Dirac-delta around f* (there is a single target function).

I Proof. Direct consequence of bounds of Blumer [6] and McAllester [26] O]

What this means in practice is that we can significantly reduce the sample complexity compared to classical ML algo-
rithms. This can be achieved by setting up a pre-training regime such that the functions of practical interest occupy
a meaningful part of the probability distribution. This contrasts with classical algorithms that are inherently designed
to work uniformly across a wide range of hypotheses. Research in this space touches on many aspects of a model
training pipeline:

¢ Data generation Training sets for pre-training tabular models are frequently synthetic, the generation of which
boils down to manually defining the distribution P.




o Data gathering Real-world data play a crucial role both in training as well as in evaluation of models and data
generators, as it provides a way to ground them closer to the desired real-world distribution Q*. Careful selection
of this data is therefore imperative.

¢ Architectural design The choice of architecture of the inference network itself imposes a prior over the func-
tional space as it will make certain calculations easier or harder to express. In addition, explicitly imposing certain
characteristics like invariances and equivariances when designing architectures will fold the space of functions
and alter the distribution they will capture.

LEARNING TOLEARN W

It is worth mentioning that current LLMs (the monolithic transformer-based models trained to carry out next-token
prediction on a heterogeneous large corpus of human-written text) are likely unable to define a P that is well suited
for our use case, since:

e The communication of the meta-task in LLMs is carried out in the form of a prompt. This approach inherently
does not define a unique task for the model: the choice of wording of the prompt alone, for example, would
alter the model’s predictions. As a result, the support of the prior here would be unnecessarily spread.

¢ Certain mathematical properties of statistical learning theory are incompatible - e.g. the permutation invariance
of columns in tables cannot be mathematically obtained without modifying the current architectures [fll.

Consequently the P LLMs define will assign significantly lower probability to f* than a model that explicitly respects
this setup and consequently will have a worse sample complexity.

Another important component of the FTP is the term modelling the real world. We see it as a critical piece, since all
the relevant problems we know of exist within this reality, and consequently share a lot of commonalities. This shared
component and its potential for knowledge transfer can be formalised in many ways. We once again view this as
another path to a significant sample complexity reduction. When pre-training a model to understand the concepts
and relations of the real world, we can expect it to learn a new task on top much faster than if it had to learn it from
scratch. More precisely, let us consider one of the most common applications in the tabular domain: the ability to
reason about the actual values of categorical variables. In order to apply standard machine learning techniques we
effectively need to treat categories as orthogonal vectors (e.g. through one-hot encoding, or using decision trees).
However, in addition to being a different value to the other categoricals, text also carries meaning and this meaning
might be shared between tasks. ‘Krakéw’ will often represent a concept that is closer to ‘Madrid’ than to ‘San Francisco,
at least as long as the overall concept is related to geospatial reasoning. We can formalise this intuition by using
standard techniques from learning theory and write down a following corollary:
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Corollary 2 (Benefits of Categorical Embeddings). LetC = C; x --- x Cy be a k-dimensional categorical
metric space with |C;| = m; and doubling dimensions A+, ..., Ay. Assume the target function f : C — R
is L-Lipschitz. To learn a hypothesis with generalisation error e and confidence 1 — ¢, the sample complexity
when using the categoricals is bounded by
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Proof (sketch). We use the general bound of sample complexity based on the metric entropy [2, 35]. Given
the function is L-Lipschitz, the metric entropy scales linearly in the covering number of the domain itself [24].
Finally the covering dimension for the categorical (Lipschitz) case boils down to its doubling dimensions [18],
while for one-hot covering dimension is just the volume of the space. O

Using this formalisation, we infer that we can hope to obtain a significant reduction of the sample complexity under
following assumptions:

e The number of categorical variables is large, both in terms of unique values (m;) and/or number of categorical
columns (k),

e the embedding space we learn during pre-training is very smooth (L is small) and is well behaved (has low dou-
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LOCALREALITY H

bling dimension A;).

While these conditions are quite intuitive, we find it helpful to consider a more concrete example to understand this
difference in practice. For example, let’s take dimension k¥ = 10 and each categorical m; = 35. This corresponds to
a table containing 10 categorical columns with 35 distinct categorical values each, which falls comfortably within the
usual parameters one would encounter in the real world. If we choose a very smooth metric L = A; = 1and a 5%
error e = 0.05 we obtain C = (1/0.05)% = 210 compared to Coy = 35 ~ 2-10'5. This means that you can hope
for over 100,000 x lower sample complexity if you pretrained the categorical embeddings to respect the assumptions
of Corollary 2. Now, if we consider a common case, where some categoricals are actually free-form text, this means
that m; = n, and we obtain Coy = n* which grows polynomially to infinity as the number of training samples n grows.
Figure 1visualises how the sample complexity improves as the dimensions and number of categories grow. It is clear
from that figure how quickly these bounds diverge, as the number of categorical values grows.

Logarithm of sample complexity relative improvement
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Figure 1: A comparison of sample complexity improvement coming from Corollary 2. Once the ratio between number of unique
categorical values to L/e crosses 1(which in this case happens at 20 and corresponds to any number in bold), the benefit grows
extremely fast with both more categorical values and variables. And in the most extreme case reaches 10%° improvement. All
numbers here are rough estimates, and the purpose of the visualisation is only to give a sense of the orders of magnitude, not the
exact values.

The only way in which we can hope to obtain embeddings with the universal properties mentioned above is by training
models beyond a single classification/regression problem. In addition, this model needs to capture a latent variable
representing the real world and make use of that knowledge towards its predictions. As discussed, this model does
not only capture consistent objects and concepts, but also the relationships between them. Lipschitzness served
as a convenient exemplification of the types of relations we referred to in our arguments. Of course there are other
possible regularities, for which one could derive analogous bounds.

While it is undeniable that all humanly relevant problems exist within a single, shared reality, not every instance of a
concept should be interpreted identically. Even the motivating example above - of city names being present as cate-
gorical variables will on rare occasions be completely wrong. What if the task of interest in fact concerns predictions
within a company where ‘Krakéw’ and ‘Madrid’ are not cities, but meeting room names? This type of information will
never be available to a model developer. Crucially in this local reality the underlying geometry is completely different,
and as a result the L-Lipschitz assumption of Corollary 2 will not hold. This is the main argument towards needing the
p(z|F, zw) component. It is not enough to just learn a single consistent model of everything, especially since a local
reality can change arbitrarily fast — companies can rename their meeting rooms at any point in time. Consequently,
the focus of this additional component is on learning the mapping and on learning how to unify the model of the world
2w With any additional facts that might overwrite parts of it. From a mathematical perspective, the argument reiterates
Corollary 2.
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SAMPLE COMPLEXITY W

EXISTING LANDSCAPE W

Observation 1(Benefits of Local Knowledge). LetC = C; x --- x C}, be a k-dimensional categorical metric
space with |C;| = m; andlet ¢ : C — Cx be a mapping to another k-dimensional categorical metric space
with doubling dimensions A4, . . ., Ay. Assume the target function f : C — R can be expressed as f = g o ¢p,
and that g is L-Lipschitz. To learn a hypothesis with generalisation error e and confidence 1 — §, the sample
complexity when using the projected space is bounded by

5 (Hi(L/e)Ai + log(1/5)) ,
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while in the worst case scenario (i.e. when the metric on C degenerates the space to just orthogonal unit vec-
tors) using the original space gives
p (Hi m; + log(1/0) )
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I Proof. A direct consequence of Corollary 2. O

This motivates further sample complexity reduction when modelling p(z¢|F, z.,). A big qualitative difference here
is that while learning p(z,,|WW') can boil down to training an LLM which embeds a consistent view of the world in its
weights, for example, training p(z¢|F, z,,) has to learn a transformation to be applied during inference. This results
from the fact that different collections of F' are contradictory, preventing us from marginalising over different tasks.
Consequently, F exists only in the context of inference on a particular task

Given the above structure and arguments, the main message crystallises:

By modelling each of the components of the Fundamental Tabular Process, one can hope to dras-
tically reduce the sample complexity of novel supervised learning tasks, far beyond what any clas-
sical ML algorithm, or a current-day LLM, can achieve.

The main goal of our reasoning so far is not to provide a narrow, overly formalised specification, but rather to motivate
onanintuitive and a mathematical level, the decomposition of a universal predictor. By tying everything to the concept
of sample complexity reduction we are able to think about all of the ongoing exciting research avenues in this space
as striving towards the same goal, rather than a collection of competing entities defining their own objectives. We are
able to group papers, methods and results into clusters that share coherent mathematical objectives. Of course, we
do not claim this view is optimal, it is simply a helpful framework.

Each of the three terms of an FTP also allows us to characterise different approaches in this space based on whether
they are present or not. In addition, if a model approximates a term we can further distinguish between those that ap-
proximate it implicitly, i.e. by conditioning on information related to this term, or explicitly by encoding that information
in their weights or as a latent variable.

Letuslook at each term of FTPs. We won't go deep into p, := p(yp|xp, 2.) since it can be thought of as an “inference”
step. Itis, however, worth mentioning that most of the architectural differences between existing TFMs can be seen as
different implementations of this term. The term p(z.|C, zy) describes the task of distilling the information provided
by the entirety of the context (this includes information from C, F and W) into a representation that allows us to
make good predictions on the task specified by said context. In the case of traditional machine learning methods,
z. corresponds to the learned parameters (e.g. weights of a neural network) which result from training on a context
C (the labelled examples). In the case of Neural Processes this step constitutes the summarisation of the context
observations into a fixed dimensional latent space, which can be then queried to make new predictions. As per our
earlier definition we refer to this as explicit modelling of p... Implicit modelling of p. on the other hand is what many
Tabular Foundation Models resort to. They do so by directly comparing the predictions to the context data (e.g. by
passing them through a transformer model) thereby collapsing the terms for p,, and p...

Most approaches do not go beyond modelling the probability of the target variables given some task-defining context.
There are, however, a few attempts at incorporating some world knowledge W as well as some user-specific knowl-
edge F' into model predictions. Some notable examples include Kumo [15] that implicitly models p(z¢| F, z,, ) by using
message passing neural networks over graphs spanning multiple tables or databases. Given that it is designed to work
specifically with relational databases, the index/key-based relations can be thought of as additional context that pro-
vides facts about every data point and helps the model with interpreting its meanings. Others like CARTE [23] model
(2w |W) explicitly, by pre-training on knowledge graphs.



Considering the results reported in the papers above, it is apparent that the biggest gains can be achieved by push-
ing the frontier of incorporating p(z¢| F, z.,) and p(z.,|W). This can seem somewhat contradictory to what is currently
a big focus of the community: improving statistical reasoning, the parts of the model that approximate p, and p... The
main reason behind this is the lack of really strong baselines to evaluate our ability to model p; and p,,. When it comes
to pure statistical reasoning decades worth of work have resulted in strong baselines. Algorithms like CatBoost and
XGBoost form a strong frontier here. When it comes to moving beyond the standard statistical learning theory and
incorporating knowledge of the world, however, classical methods are not applicable, and thus we are left with very
naive approaches as our only point of comparison.

EXISTING LANDSCAPE W

The research trajectory of TFMs reflects a common pattern in machine learning which is reminiscent of the early
days of DL image processing. Initial research overwhelmingly focuses on architectural breakthroughs (in the past this
produced convolutional networks, skip connections for image recognition or transformers for natural language). Soon
after, the focus shifts to optimising the data and training regimes instead. This match in trends also serves as an indi-
cation that the research field of TFMs is still in an early stage. As it stands the two big priorities in TFM architecture
research are maximising the scale of the context window (being able to consume large quantities of data during in-
ference) and inducing various invariances and equivariances in transformer-based models [19], which, as mentioned
before, can be thought of as a way to sharpen the P distribution (see Corollary 1). Models that specifically tackle the
latter, like TabICL, are nonetheless not truly feature order invariant yet [31]. These two challenges alone are proof that
there is still a lot of work to be done in this field. In terms of architectural choices for incorporating facts and world
knowledge, graph neural networks [23, 15] and LLMs seem to be the most common ones. This heterogeneity does not
seem to stem from any grounded, theoretical justification, but rather simple practicalities - it is much easier to reuse
pre-existing models like LLMs, than to train a unified, homogeneous model that is able to jointly model the world and
to carry out statistical reasoning from scratch. That being said, one of the biggest lessons in deep learning is that uni-
fied, end-to-end trained systems always beat human designed hybrids and multi-stage systems, which points to an
extensive, underexplored research direction.

Class PT TST Examples Pe DPf Duw
@ XGBoost[8] |
Traditional models @ CatBoost [I1] |
@ Single-Task Neural Network W
®; O TabPFNI[R2Q] O
Zero-shot models @& O TabICL[B1] O

® O Kumollfl O O

®y @ CARTE[RSI] O |

Fine-tuned models @y @ TabStar[3] O |
@&y @ XTab[4] O
o Ow @ TabNet[4] |
Task-specific models Ow @ RealMLP[2i] -

Table 1: Characterisation of the tabular prediction model landscape. PT and TST stand for pre-training and task-specific training
respectively and refer to the training phases that a model can be trained with. @ indicates that this training phase is necessary for
amodel, O that it is optional. pe, p, and p,, correspond to the probabilities from Definition 1 with p. = p(z.|C, zy),
pw = p(2zw|W) and py = p(z|F, zw), respectively. B signals that the probability is being modelled explicitly while (1 stands for
implicit modelling. -s and - stands for synthetic or real-world respectively.

There are two conceptually distinct phases that can be present when training TFMs: pre-training (PT) and task-
specific training (TST). In the context of LLMs the latter would be referred to as fine-tuning. Here we choose to adopt
the term TST instead, given that for some of the models this stage carries more purpose than just adapting to a specific
task. In some cases, in fact, it constitutes the entire training regime. Let us take a look at 4 main classes of approaches:

1. Traditional models for tabular data, such as CatBoost and XGBoost, are trained exclusively in the TST phase be-
cause models in this category are built from scratch for every new table or task. This also includes all the incred-
ible neural network based models that took years to develop for a specific application, such as AlphaFold [36].

2. Zero-shot models amortise the few-shot adaptation requirements of meta learning. This means the models
learn to adapt to task-specific data at inference time without any additional training steps. The overarching
family of this type of amortised meta-learning models is called Conditional Neural Processes [16]. Instances of
this family applied to tabular prediction include different flavours of PFNs [20, 31].
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3. Fine-tuned models rely on an initial pre-training phase, which can either be carried out on the same type of
data as the TST phase (TabStar, XTab) or on a different one (CARTE). This pre-training leverages the adaptabil-
ity of amortised meta-learning models while the follow-up fine-tuning stage allows the model to improve its
predictions and further strengthen its adaptation to the task at hand. Needless to say, given that this group of
models relies on two training stages they are generally the most computationally expensive. Nonetheless, since
these models benefit from the upsides of both training phases it is likely that a universal predictor will fall in this
category.

EXISTING LANDSCAPE W

4. Task-specific models The training regime of this group of models is similar to the traditional models in that
the majority of the training happens in the task-specific stage. Unlike traditional models, however, approaches
like TabNet and RealMLP can share information between tasks as the hyperparameters are tuned jointly for all
tasks in what could be considered a pre-training phase. Nonetheless each model is trained from scratch for
every task.

Finally, the type of data used to pre-train models has become another major differentiating factor. Models that only
rely on pre-training require large quantities of data to learn flexible models, especially since they can't rely on additional
training at inference time to improve their performance. Tabular data for predictive tasks, however, is not as readily
available as text or image data. As a result, most pre-trained models rely on synthetic data as it can be generated
in any quantity. Despite the challenge that matching generated data to real data poses, models trained on synthetic
data have performed extremely well on real-world data, often outperforming approaches trained on real data. The
downside of synthetic data is that we can only create algorithms that produce numerical values. It is not possible to
generate meaningful textual or categorical data as we are not able to capture its statistics in the same way.

At this point it could be natural to wonder about the role of LLMs in all of this. Do they belong into this picture and
categorisation? We argue that they violate too many assumptions to currently be a viable candidate as a stand-alone
model. However, they might constitute a valuable component of alarger system. As such, work on Tabular Foundation
Models cannot be reduced to LLM research. It is about building complex statistical models, which might incorporate
LLMs as components within its stack. Nonetheless such models would constitute a profound evolutions from the
original LLM format.

There are many reasons for this [13], one of them is their inability to scale their context window to the sizes common
in tabular data. Figure 2 clearly depicts the severity of this issue. For each table on Kaggle we calculate the minimum
number of tokens required to represent it. We then plot the frequency over all the number of tokens required for
all the tables in Kaggle. Within the resulting curve we have highlighted the portion of tables that the average and a
top-tier LLM could take as input respectively. We have also marked a few sizes of interest: the datasets that lead
to four breakthroughs (AlphaGo [36], AlphaFold [22], AlphaStar [39] and GPT3 [[7]]) as well as the size of a table with
10M rows and 100 columns, which constitutes a relatively common scale for corporate data in the real world. The
fact that the strongest LLMs are currently not able to process a large portion of the Kaggle tables individually and
that the majority of recent breakthroughs had data sizes more than 2 orders of magnitude above what LLMs can
handle clearly shows that this is not a problem that can just be thrown at language models as they are. This is not to
say LLMs cannot be part of the solution. As mentioned above they have the potential to bring in knowledge about
the world as part of a larger model.

WHERE DO LLMSLIVE? B

Foundation Models for Tabular Data

LLMs
Table with B GPT3 m
10M rows Training set
100 cols
AlphaGo m
Supervised AlphaStar m
Unplugged
AlphaFold m
5 6 7 8 9 10 1 12

Lower bound on the logarithm of the number of context tokens

Figure 2: Visualisation shows (in log scale) the distribution of the minimum number of tokens required to process a single table
from the Kaggle repository (limited to datasets up to 100MB). We have included call-outs for big breakthroughs of
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supervised-learning models. With the current LLMs one could fit at best up to 10° tokens. Showing a dramatic discrepancy
between the scale of the data of interest, and capacities of (even the most powerful) LLMs.

Another crucial point to keep in mind is that even if they were scaled significantly in terms of their context window,
the core argument we are trying to form here is that the game of building the universal predictor is about the sample
complexity. General, language based models, while powerful, are inherently misaligned in terms of their training ob-
jective, of forming a sharp prior over the functions that would serve this purpose (see Corollary 1). This does not mean
that one cannot use LLM-like models, but rather that the general path taken by current research in the LLM space is
misaligned with this objective. In practice the distinction of what is and is not an LLM becomes philosophical, and
our only argument is that creating a proper solution requires more insights and developments than just scale.

WHERE DO LLMSLIVE? B

It is an extremely rare opportunity in the world of machine learning to be at the forefront of a nascent field which is
nearly guaranteed to work. Tabular Foundation Models, as of today, satisfy this requirement. This is a very young field,
with a lot of exciting, open questions, spanning from theoretical considerations (especially around various forms of in-
variances and equivariances), through tough engineering ones (e.g. how does one scale to billions of in-context points)
to open-ended practical scientific endeavours (what are the best training regimes to model each of the components?
How do we avoid the risks of repeating ‘The Bitter Lesson’ [38]). At the same time the number of positive results, and
the maturity of related areas proves that the challenge is ripe for the taking. In addition, the community working on
these challenges is refreshingly small compared to the extremely oversaturated world of Large Language Models.

AN EXCITING CHALLENGE H

In a not too distant future, we will be able to make superhuman predictions, and obtain scientific and economic
breakthroughs using universal predictors and we will use them as commonly and easily as every enterprise uses tree
based methods today.
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