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Abstract

Tabular foundation models (TFMs) are pretrained once across many tables and applied
to a new table by conditioning on its labelled rows, with no training on that table. They
challenge gradient-boosted decision trees, the long-standing default for tabular prediction,
but the published comparisons are hard to interpret, because studies differ in data regime,
split design, baseline tuning, and metric. This review assesses the evidence regime by
regime. From 76 peer-reviewed works selected under a documented protocol, it defines
TFEMs by reusable cross-table pretraining, organises them by pretraining data, context
mechanism, scale, modality, and task interface, and compares them with tree ensembles,
deep tabular networks, and tabular-to-image methods. Seven recurring claims are graded
on peer review, evaluator independence, split match, baseline strength, and replication, with
all scores published. One claim is strongly supported: on small-to-medium independent
and identically distributed tables, TFMs match or exceed tuned tree ensembles without
per-dataset tuning. Tuned tree-based and deep models remain as strong or stronger on
temporal, feature-engineered data; above 10,000 rows the evidence is developer-reported
except for one independent clinical benchmark; and no eligible study tests a frozen TFM
under a grouped split or beyond its feature envelope. Tabular-to-image methods win only
on small or very high-dimensional tables. Among the comparison-bearing studies, about
one in ten use a deployment-matched split, none of them an independent evaluation of a
TFM, and more than half of those evaluating a pretrained model report no contamination
check. A reporting checklist, an evidence ladder, and seven research directions turn these
findings into practice.

Keywords: tabular foundation models; in-context learning; prior-data fitted networks;
gradient-boosted decision trees; tabular-to-image methods; trustworthy machine learning

1. Introduction

Tabular data, heterogeneous values arranged in rows and columns, carry many high-
value prediction problems in science and industry: clinical risk, credit scoring, materi-
als discovery, environmental monitoring [1,2]. Deep learning has struggled with them.
While neural networks came to dominate images and text, gradient-boosted decision
trees (GBDTs) [3-5] stayed the default for tables, and repeated comparisons found tuned
tree ensembles matching or beating neural networks [2,6,7]. Tabular machine learning
therefore kept its per-dataset routine of feature engineering, model selection, and hyper-
parameter tuning.

Tabular foundation models (TFMs) change this routine by reusing one pretrained
learner across table schemas. In the pure in-context family, the model receives the la-
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belled rows of a new table as context and predicts the unlabelled rows in one forward pass
(Figure 1). TabPFN made this concrete by pretraining on millions of synthetic datasets
so that the network approximates Bayesian inference in context [8]. Its successor handles
classification and regression on datasets of up to 10,000 rows and, in the evaluated classi-
fication setting, outperformed in 2.8 s an ensemble of baselines tuned for four hours [1].
Later models scale in-context learning to hundreds of thousands of rows and beyond [9-11],
pretrain on real tables or on mixtures of priors [12,13], and add column semantics and free
text [14-17].

Pretraining, once Use on each new dataset
Synthetic, real, Tabular foun- reused Labelled rows Prediction with
or mixed tables dation model plus query rows uncertainty

Figure 1. The tabular foundation model workflow: pretrained once across many tables, then reused
by conditioning on the labelled rows of a new dataset.

The evidence for TFMs is strong but depends on the regime. Benchmarks place their
advantage on small-to-medium independent and identically distributed (IID) tasks, tuned
tree-based and deep models stay strong on temporal, feature-engineered data [7,18], and
independent clinical benchmarking finds TFMs competitive but not consistently better than
established methods [19]. Comparing such results is difficult. Studies vary in the data
they use and how they split it, in how strongly and at what budget the baselines are tuned,
and in context construction, preprocessing, and metrics. Several of these choices often
go unreported, and results also depend on benchmark coverage, pretraining provenance,
and contamination checks [17,20,21]. A headline gain may reflect a better learner or a
more favourable evaluation, so the evidence has to be graded, not only organised. The
review is built around one question: where do tabular foundation models hold a supported
advantage over established tabular learners, what evidence would establish it, and what does the
current literature support?

The review covers supervised classification and regression on single tables, where
TFMs compete directly with tree ensembles, deep tabular networks, and tabular-to-image
methods. Extensions to causal inference, forecasting, graphs, optimisation, and decision
making are covered only as far as needed to fix the boundary of the evidence. The same
search expressions retrieve them (Section 2.2), and they are graded as one claim (C5 in
Section 5.5). The pure in-context line anchors the taxonomy, but adaptable, representation-
transfer, and language-mediated models meet the same reusable-pretraining criterion and
are treated as TFMs.

The review makes four contributions.

1. A protocol-assembled evidence base. A corpus of 76 works selected under stated questions,
search expressions, inclusion criteria, and an extraction schema. It comes with an
explicit membership rule for the 32 comparison-bearing studies that carry the graded
conclusions, fixed regime thresholds, and an account of the content-relevant evidence
set aside under the peer-review criterion (Section 2).

2. Adefinition, a taxonomy, and a cross-paradigm comparison. One criterion that separates
TFMs from adjacent paradigms, four adaptation families, and five design axes that
decide which comparison is fair for a given model. On these axes, a comparison of
TFMs with tree ensembles, deep tabular networks, tabular-to-image methods, and
hybrid tabular-visual networks (Sections 3, 4 and 6).

3. Graded claims and testable explanations. Seven recurring claims scored on a five-dimension
rubric, with the dimension scores printed beside every grade and a sensitivity analysis,
so that each grade can be recomputed and stress-tested. Candidate explanations for
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the observed differences are stated as hypotheses with the experiment that would
decide each (Sections 5 and 6).

4. Two reusable instruments and a disclosure audit. A TEM Reporting Checklist, audited
against the 32 comparison-bearing studies of the corpus, and a TFM Evidence Ladder
applied to representative models, with seven research directions (Sections 5, 7 and 9).

Section 2 sets out the review method, Section 3 the definition, background, and position
among existing surveys, and Section 4 the taxonomy and model families. Section 5 syn-
thesises and grades the benchmark evidence, Section 6 compares the paradigms, Section 7
covers trustworthiness and deployment, Section 8 sets out the application evidence, and
Section 9 presents the cross-cutting discussion and research agenda.

2. Review Method

The evidence base was assembled under a written protocol that fixes the review ques-
tions, sources, search expressions, eligibility criteria, extraction schema, and grading rubric.
Every field-level conclusion is tied to an evidence grade and to its supporting and counter-
vailing sources.

2.1. Review Questions

Four questions follow from the central question of Section 1. Each fixed which
fields were extracted from the reviewed works, and the conclusions answer them in turn
(Section 10).

Q1 What separates a TFM from an adjacent paradigm, and how do TFMs differ among
themselves? (Sections 3 and 4)

Q2 Under which data regimes do TFMs outperform tuned tree-based, deep, tabular-to-
image, and AutoML baselines, and under which do they not? (Sections 5, 6 and 8)

Q3 Which recurring claims does the evidence support, and at what grade? (Section 5)

Q4 What evidence is required before a TFM is used in a high-stakes deployment?
(Sections 7 and 9)

2.2. Sources, Search Expressions, and Selection

Records were identified from Google Scholar, arXiv, Semantic Scholar, DBLP, and the
ACM, IEEE, Springer, and Elsevier indexes with five expressions (Table 1), adapted to
each interface. The expressions target paradigm terms (S1), named models and bench-
marks (S2), evaluation and trustworthiness qualifiers (S3), the baseline literature (54),
and tabular-to-image, spatial-encoding, and hybrid tabular-visual methods (S5). Searches
cover records available up to 15 October 2026. The reference lists of the model, benchmark,
and comparison papers, and the works citing them, were also searched, because application
and trustworthiness studies are spread across domain venues and are poorly retrieved
by paradigm terms. The protocol has two versions. The first fixed the review questions,
expressions S1-54, the eligibility criteria, and the grading rubric; the second added S5 and
content criterion (iv) when the comparison was extended to tabular-to-image methods,
before the searches were run. S5 was run on all eight sources under the same screening
rules, so the analyses it supports, principally Section 6.1 and claim C7, can be traced to it.
The protocol was not registered.

A record was included if it met at least one of four content criteria and the evidence
criterion. The content criteria are: (i) it pretrains a model intended for reuse across het-
erogeneous tabular datasets; (ii) it benchmarks, adapts, analyses, or applies such a model;
(iif) it supplies a tree-based, deep, or AutoML baseline against which TFM claims are tested;
or (iv) it proposes or benchmarks a tabular-to-image or hybrid tabular-visual method for
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supervised prediction on tables. The evidence criterion (v) requires a peer-reviewed version
of record, a journal article or archival conference paper, which is also the version cited;
throughout the review, eligible means satisfying this criterion. Records were excluded if
they used tabular data only incidentally, proposed a per-dataset model with no cross-table
pretraining and no comparator role, or had no English full text. A record superseded by
a later version from the same authors gave way to that version. The publication status of
every work was checked against publisher records at submission and again at revision.

Thirty-three records met a content criterion but existed only as preprints, technical
reports, or non-archival workshop papers and were set aside under criterion (v). At revision,
four of them had acquired a peer-reviewed version of record, one under a changed title, and
these four are included and cited in their reviewed versions. The remaining 29 stay excluded
and uncited (Table S3). They comprise fifteen vendor model releases or developer-attested
methods with favourable findings, six studies that compare no methods, three with mixed
findings, two independent favourable comparisons, two with unfavourable findings, and
one regime-stratified benchmark with regime-dependent findings. Section 5.1 states which
conclusions they bear on.

Table 1. Search expressions applied to the eight bibliographic sources.

Stream Target

Expression

S1 Paradigm

(" “tabular foundation model'' OR ~“prior-data fitted network'' OR
““tabular in-context learning'' OR (" “in-context learning'' AND tabular))
AND (classification OR regression OR prediction)

S2 Named models and TabPFN OR TabICL OR TabDPT OR Mitra OR CARTE OR TabSTAR OR ConTextTab OR

benchmarks

TabuLa-8B OR MotherNet OR TabFlex OR LimiX OR TabArena OR BeyondArena OR
TALENT OR TabReD OR OmniTabBench

S3 Evaluation and trust- (tabular AND (" “foundation model'' OR ~~in-context'')) AND (calibration

worthiness

OR " “uncertainty quantification'' OR ~“proper scoring'' OR contamination
OR memorisation OR fairmess OR ~“temporal split'' OR "~ “distribution
shift'' OR interpretability OR ~~fine-tuning'')

S4 Baseline

literature, (" ~gradient-boosted'' OR XGBoost OR LightGBM OR CatBoost OR AutoGluon OR

used only wunder "~“deep tabular'') AND (benchmark OR comparison)

criterion (iii)

S5 Tabular-to-image

(tabular OR table OR ~“tidy data'' OR ~“non-image'') AND (image OR images

and hybrid tabular— OR " “spatial encoding'') AND ( ~convolutional'' OR CNN OR ~“vision

visual methods, used transformer'' OR ~“hybrid neural network'' OR
under criterion (iv)

“deep neural network''
OR ~“deep learning'' OR classification OR prediction)

Route labels (Table 2) are assigned from titles alone. A title takes the first expression, in the order S1,
52, 54, S5, whose paradigm phrase, named model or benchmark, baseline term, or table-and-image
word pair it contains; matching ignores case, punctuation, and plural endings, and the task conjunct
of S1 is not applied. S3 is a qualifier stream and is not used as a label.

Screening had three passes (Figure 2): deduplication across sources, title-and-abstract
screening against the content criteria, and full-text assessment, at which point records
found by citation searching were entered. Record counts at the identification and screening
stages were not retained, so Figure 2 describes the structure of the selection and reports
the counts that were retained; Table 2 gives the corpus by category and route. Because
per-record retrieval logs were not kept, the route is a post hoc title classification, not a
record of retrieval, and it cannot demonstrate the completeness of the search. It follows the
mechanical rule stated beneath Table 1, so every label can be reproduced. A title with no
expression term marks a work reached on full bibliographic records or by citation searching.
The four known citation-searching entries are the paper that founds the prior-data fitted
network lineage [22] and three tabular-to-image methods [23-25].
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Reporting follows PRISMA 2020 [26] where the retained records allow. Risk of bias
and reporting bias (items 11, 14, 18, and 21) are not assessed with a separate tool; the
independence, split-match, and baseline-strength dimensions of the grading rubric and
the account of the excluded records take their place. Effect measures and pooled synthesis
(items 12, 13d, and 13f) do not apply, because reported quantities are transcribed, not
pooled. Identification-stage counts (item 16a) and a registered protocol (item 24) are not
available. The remaining items are reported in Sections 1-9 and Tables 1-4.

Identification. Records retrieved by expres-
sions S1-S5 from eight bibliographic sources
and by citation searching from the model,
benchmark, and comparison papers; duplicates
removed across sources.

!

Screening. Titles and abstracts screened
against inclusion criteria (i)—(iv).

Excluded: incidental tabu-
- lar use; no pretraining or
comparator role

l Excluded: no full text, a
Eligibility. Full texts assessed; records found | | superseded version, or no
by citation searching enter at this stage. " peer-reviewed version of

l record (29 such records)

Inclusion. The reviewed corpus holds 76 peer-
reviewed works (Table 2). Under the title
classification, 21 titles carry S1 terms, 15 S2, 12

S5, and none S4; 28 carry no expression term,
four of them known citation-searching entries.
Background and baseline references are cited
for context only.

Figure 2. Structure of the selection procedure, with the counts retained at the inclusion stage.

Table 2. Composition of the reviewed corpus by category and by title-classified route.

Category or Route Works
By category

TFM model papers and the prior-data fitted network foundation 24
Task-interface extensions 12
Benchmarks and evaluation resources 6
Trustworthiness and mechanism studies 5
Adaptation, context, and serialisation methods 3
Tabular-to-image and hybrid tabular—visual methods 15
Adjacent surveys and position papers 6
Domain application studies 5
By title-classified route

S1: paradigm terms 21
S2: named models and benchmarks 15
S4: baseline literature under criterion (iii) 0
S5: tabular-to-image, spatial-encoding, and hybrid terms 12
No expression term in the title 28
Reviewed corpus 76

Task-interface extensions cover survival, causal, time-series, stream, decision, and optimisation inter-
faces. Routes follow the rule beneath Table 1; the one baseline-literature work carries no S4 term in
its title.

2.3. Data Extraction, Grading, and Synthesis

Every included work was read against the extraction schema of Table 3, which is
weighted towards the variables along which reported results diverge: data regime, split de-
sign, baseline strength, tuning budget, and metric family [7,18,20]. Category, title-classified
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route, and publication status are recorded for all 76 works and summarised in Table 2. For
the comparison-bearing studies, the extraction adds the evidence role, the split design,
whether a pretrained model is evaluated, and the contamination or leakage handling, which
together fix the denominators of the audit in Section 5.4. The regimes, comparators, and
budgets of the principal studies are given in Section 5.1. A work enters the matrix if it reports
a quantitative evaluation and is cited as evidence in the comparison, claim, or application
tables (Sections 5.1, 5.5, and 8); the two PFN theory papers [22,27] are cited there for a
definition or a theoretical result and stay outside. Under this rule, the evidence matrix holds
32 studies (Table S1) and covers every work that carries a graded conclusion.

Table 3. Extraction schema for reviewed works.

Field Group Extracted Items

Identity Work type (model, benchmark, adaptation, application, trustworthiness, tabular-to-image,
survey); venue; publication status; year.

Model Pretraining data source; context mechanism or layout rule; adaptation family; supported
rows, features, and classes; availability and licence.

Task Task interface; output type; whether probabilistic output is produced and evaluated.

Evidence Datasets and regime (IID, temporal, grouped, scale, dimensionality, text-richness); split

design; baselines and their tuning budget; metrics; contamination or leakage checks.

Use-time Context-selection rule; preprocessing; ordering or batching; adaptation; compute budget
and hardware.

Trust Calibration, subgroup, drift, privacy, or interpretability analysis; reproducibility artefacts.

Claims are graded with the fixed rubric of Table 4. A candidate claim qualifies when
at least three works of the corpus assert or contest it and it bears on Q2-Q4; seven claims
qualify. The supporting and the countervailing evidence of each claim are scored separately
on five dimensions, each from 0 to 2: peer-review status, evaluator independence, split
match, baseline strength, and independent replication. Split match rewards the design
matched to the claim’s regime, so a random split scores fully for a claim scoped to IID
data and a deployment-matched split for a deployment claim. A source is independent for
a claim when none of its authors, on the published author lists, is an author of a model
whose performance the claim asserts. A replication is an evaluation of the same claim by a
team outside the side’s originating dependency groups. A developer source attesting to
its own model does not replicate a claim about that model, and evaluations that share a
benchmark ecosystem, meaning common datasets, code bases, or developer teams, count
once. Three such groups recur: the TabPEN developer team with the arena benchmark and
the time-series extension [1,20,28]; the team behind the two IIoT intrusion studies [29,30];
and the group behind the TINTO encoding, its library, the spatial-encoding benchmark,
and two hybrid-network studies [31-35]. A source whose findings divide by regime enters
each side with the finding that belongs to it, as the Gaussian-process comparison does for
C3. No finding counts twice within a side.

The supporting total S fixes the band and the countervailing total K decides whether a
claim is Contested, under the thresholds of Table 4. Equal weights are the neutral default of
an additive appraisal index, the Strong band demands near-complete credit with no absent
dimension, and Section 5.5 reports how every grade behaves under alternative weights and
thresholds. A Contested label means substantial evidence on both sides and is reported with
both side bands, so Strong support against Strong counter-evidence stays distinguishable
from Moderate on both sides. Countervailing evidence outside a claim’s stated scope fixes
that scope and does not lower the grade. When it narrows a claim, the narrowing is written
into the claim and the scope-fixing sources stay listed in the claim table of Section 5.5, so a
grade cannot rise by silent narrowing.
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Screening, extraction, and scoring were carried out by the author under this protocol,
so the grades are author-assigned assessments under the published rubric rather than
consensus judgements. The coding rules are stated with the rubric and the dimension
scores are printed beside every grade (Sections 5.5 and 8; per-source scores in Table 52),
every count derives from the extracted records, and the sensitivity analysis bounds the
effect of the scoring choices. Because every cited source meets criterion (v), the peer-
review dimension separates sides only by their number of sources. Extracted records were
synthesised thematically in two tiers: Sections 4-8 analyse each evidence domain, and
Section 9 reads the domains against one another. Version-sensitive statements are tied to
named releases and dated publication records.

Table 4. Grading rubric applied to the supporting and the countervailing evidence of each claim.

Dimension Score 0 Score 1 Score 2
A. Peer review Preprints, reports, or workshop ~ One peer-reviewed source Two or more peer-reviewed
papers only sources

B. Independence Developer-affiliated sources only Independent sources support part Independent sources support the
of the claim whole claim

C. Split match Split unstated Split stated but not matched to the Split matched to the claim’s
claim’s regime stated regime

D. Baseline strength Default or unstated tuning Tuned baselines without a Tuned baselines at a stated budget
stated budget

E. Replication None One independent team replicates Two or more teams replicate

Band Preliminary Moderate Strong

Side total S (of 10) S5<4 5<5<70rS>8witha S > 8 with no zero dimension

zero dimension

Contested

Assigned when the supporting total S and the countervailing total K both reach 5, and reported
with both side bands. Counterevidence outside a claim’s stated scope fixes that scope and does
not enter K.

Peer-reviewed means a journal article or archival conference proceedings; replication is defined in
Section 2.3.

3. Definition, Background, and Position
3.1. Definition and Adaptation Families

A tabular foundation model is a model pretrained once, at scale, across many hetero-
geneous real or synthetic tabular tasks, so that it provides a learning capability reusable
on unseen table schemas without redesign. The defining criterion is reusable cross-table
pretraining. It separates TFMs from models fitted separately for each dataset and carries
the foundation-model idea, one pretrained model adapted to many tasks, to tables.

Within this class, models differ in how they specialise to a new dataset. Four adaptation
families result: (i) pure in-context models that predict by conditioning on context rows with
no downstream parameter updates (the PFN/ICL line, the reference case throughout);
(ii) adaptable models that add fine-tuning, adapters, retrieval, or learned contexts to a
pretrained learner; (iii) representation-transfer models that pretrain reusable table, column,
or entry representations and fit a light downstream head; and (iv) language-mediated models
that process serialised tables through a pretrained language model. Families (ii)—(iv) meet
the same criterion, which is why CARTE, TabSTAR, and TabuLa-8B appear among the
model families of Section 4. Models that do not meet it are adjacent paradigms: per-dataset
GBDTs and deep networks, per-dataset representation learners, tabular-to-image pipelines,
generation-only models, and prompt-only use of a general language model. Tabular-to-
image methods and hybrid tabular-visual networks fit their image layout and vision network
per dataset, but they compete for the same prediction problems and enter the comparison
of Section 6 under criterion (iv), which places every paradigm on common axes.
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Three borderline cases fix the boundary. “Without redesign” means without a new
architecture per schema, so adapting parameters, heads, or prompts on the new table does
not disqualify a model. CARTE is a representation-transfer TFM, because its pretrained
graph representation transfers to any schema and only a light head is fitted. TabLLM is
a language-mediated TFM, because the pretrained language model supplies the reusable
capability while serialisation and few-shot adaptation specialise it. MotherNet is a pure
in-context TFM whose hypernetwork emits the dataset-specific predictor in the forward
pass, so the per-dataset object is an output of the pretrained model, not a retrained one.

3.2. Tabular Data and the Persistence of Tree Ensembles

A tabular problem supplies rows of heterogeneous features (numerical, categorical,
sometimes free text) with labels and asks for predictions on unseen rows. Unlike pix-
els or tokens, tabular features have no natural order or locality, signals are often sparse,
irregular, and heavy-tailed, datasets are often small, and little structure transfers across
datasets [2,6]. GBDTs handle these properties cheaply, which explains their persistence.
Neural approaches, from attentive architectures such as TabNet [36] to feature tokenisers,
retrieval-augmented designs, and efficient deep ensembles such as FI-Transformer, TabR,
and TabM [37-39], narrowed the gap on some benchmarks, and well-regularised simple
networks are competitive [40]. Broad comparisons nevertheless found that they did not
clearly displace tuned trees [6,7,41], and strong tuned baselines remain hard to beat [42].
This review compares two responses. Tabular-to-image methods keep the per-dataset
workflow and give the data an artificial spatial structure so that vision networks can apply
(Section 6.1); TFMs remove the per-dataset workflow and amortise learning itself into one
pretrained network.

3.3. Prior-Data Fitted Networks and In-Context Learning

In-context learning (ICL), first shown at scale by large language models [43], lets a
pretrained model adapt to a task from examples in its input, with no parameter updates.
For tables, the labelled training split is the prompt: the model conditions on those rows and
predicts the query rows in one forward pass [1,9]. In common implementations, the fit step
stores or prepares the context and the predictive forward pass runs at inference time [1].

The substrate for tabular ICL is the prior-data fitted network (PFN) [22]. One specifies a
prior over datasets, samples many synthetic datasets from it, and trains a transformer to
predict held-out labels from the rest of each dataset, minimising the expected log loss over
datasets and over randomised context—query splits. The trained network then approximates
the posterior predictive distribution of a query label given its features and the context: the
likelihood under each data-generating hypothesis in the prior, averaged with weights given
by how well that hypothesis explains the context. The integral is never computed: the
network emulates it [22,27], and statistical analysis has begun to characterise when the
emulation is sound [27]. Because the output is a predictive distribution, PFNs provide
uncertainty estimates, whose reliability Section 5.3 examines.

A PFN is only as good as its prior. TabPFN samples synthetic datasets whose feature—
label relations come from structural causal models with randomised structure and pa-
rameters [1]. Synthetic pretraining avoids direct exposure to private or licensed tables,
lowers benchmark-overlap risk, and lets designers shape the inductive bias by editing
the prior [1,44]. Its limit is coverage: a synthetic prior may miss real data mechanisms,
missingness patterns, rare categories, and domain semantics. Real, continued, and mixed
pretraining respond to this limit (Section 4.3).

Two complementary readings of the in-context computation exist. The Bayesian reading
is the original one: a PFN approximates the posterior predictive distribution, so its predic-
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tions depend on the prior it was trained on [22,27]. The mechanistic reading inspects the
trained network: analyses of TabPFN v2 identify randomised feature tokens as important
for handling heterogeneous schemas and probe when the model simplifies the downstream
distribution [45]. The readings describe one computation at different levels of abstraction,
and both are consistent with the documented dependence of outcomes on which rows enter
the context [46]. Their shared consequence is that behaviour depends on the prior, on the
similarity structure of the context, and on architectural choices, so context construction is
part of the scientific claim (Section 4.2).

3.4. Position Among Existing Reviews

Table 5 places the review among existing surveys and benchmark contributions. Deep
tabular learning surveys treat TFMs as one recent architecture family, not as a distinct
workflow [2,47]. Representation-learning surveys are closest in spirit, but their object is the
learned representation, not the in-context workflow, its use-time choices, and the evidence
needed to trust its outputs [48]. Generation surveys ask how to generate data, not how a
pretrained model should solve a new prediction task [44]. Benchmark papers supply the
strongest primary evidence, and this review depends on them [18,20,49]. Each is scoped
to its own protocol, however, which is why their disagreements call for a synthesis, and
the spatial-encoding benchmark of Liu et al. [33] plays the same role for tabular-to-image
methods. Three gaps remain. No review takes the pretrained in-context learner as its unit
of analysis. No synthesis states, claim by claim, what the combined benchmark evidence
supports. And use-time design, the context a model is given, is treated as an implementation
detail although it changes accuracy, calibration, and fairness [46]. This review addresses
all three.

Table 5. Coverage of this review and of existing surveys and benchmark contributions.

Work Family

| o el TFM Regime Paradigm Graded  Context  Trustand

Focus Strata  Comparison Claims  Protocol Deployment
Deep tabular learning Per-dataset architectures © ©
surveys [2,47]
Representation-learning Learned representations 0
surveys [48]
Structured-data foundation mod- Tables, time series, graphs ©
els [50]
Tabular generation surveys [44]  Synthetic data ©
Position paper [51] Research agenda [
Benchmark con- One protocol each © ° ©
tributions [18,20,33,49]
This review Pretrained in-context ° ° ° [ ° °
learner

® Central to the work; © Partly covered; © Not covered.

4. Design Taxonomy and Model Families
4.1. Five Design Axes

We organise TFMs along five design axes (Table 6): pretraining data, architecture
and context mechanism, scale regime, modality, and task interface. The axes determine
how a model is trained, what it can use at inference, which datasets it handles, and which
evaluation claims are admissible.

Pretraining data fixes the prior the model brings to a new table. Synthetic priors give
control over the learning problem and reduce dependence on private or web-collected
tables, at the cost of coverage. Real-data and representation-transfer approaches such as
TabDPT and CARTE expose the model to real tables or cross-schema structure [12,16];
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mixed strategies such as Mitra combine the two [13]. The choice affects accuracy, privacy,
licensing, and the credibility of benchmark claims.

Table 6. Design taxonomy: five axes, each a spectrum read left to right, with the consequence each
choice has for evaluation.

Design Axis Choice Spectrum Representative Models Consequence for Evaluation
Pretraining Synthetic prior — mixed prior — TabPFN; Mitra; TabDPT, TabulLa-8B Whether contamination can be audited
data real-table corpora — web-scale or only asserted; privacy and licensing
text corpora exposure
Architecture Full attention over rows and features —» TabPFN v2; TabICL; TabFlex; Whether the whole training table is
and context column-then-row encoding — linear MotherNet; TabDPT usable, hence whether a
attention — hypernetwork — retrieval context-selection rule becomes part of
the model
Scale regime <lk rows — ~10k - ~500k - ~1M TabPFN v1/v2; TabICL; TabICLv2; The comparator: a small-data claim
rows, each with its own feature ceiling  TabFlex competes with defaults, a large-table
claim with tuned GBDTs and AutoML at
matched budget
Modality Numeric and categorical arrays — TabPFN line; ConTextTab; CARTE; Whether provenance, serialisation
column names and units — entity TARTE; TabSTAR sensitivity, and leakage checks are
strings and free text required before a result is interpretable
Task interface  Classification and regression — density TabPFN v2; CausalFM; Do-PEN; GIT-BO The admissible metric: accuracy and
and survival — causal and time series — AUC sulffice only for the first group; the
decisions and optimisation rest require proper scores or task-native
validation

Architecture fixes how context becomes prediction. TabPFN v2 uses attention across
features and examples; TabICL uses a column-then-row encoder so that larger contexts
are practical; TabFlex uses linear attention; MotherNet uses a hypernetwork that emits a
dataset-specific predictor [1,9,11,52]. These choices decide whether the model can use the
full training table, whether it must select a context subset, and whether inference cost grows
smoothly or sharply with rows and features.

Scale is a regime, not a single row count. A reported limit depends on feature count,
class count, hardware, context construction, ensembling, batching, and test-time compute.
The comparator also changes with scale: a small-data TFM is valued for removing tuning,
while a large-table TFM must be compared with tuned GBDTs, deep models, and AutoML
under comparable budgets [9,10].

Modality fixes what information can enter the model. Early PEN-style systems treated
tables as numeric and categorical arrays. Newer systems add column names, entity strings,
and free text: CARTE represents entries and columns through a graph of context-aware
entries, TabSTAR and ConTextTab use semantic information, and TabuLa-8B serialises tables
for a language model [14-17]. Semantics widen the range of tasks and change the risk
profile: provenance, leakage, serialisation sensitivity, and privacy need stronger checks.

Task interface links the design to the evidence a claim needs. Classification and re-
gression remain the core use, and the same amortised-inference idea has been adapted
to survival analysis, causal inference, time series, reinforcement learning, Bayesian opti-
misation, and graph node prediction [28,53-61] (Table 7). Each interface needs its own
validation: proper scoring rules and calibration for densities, censoring-aware evaluation
for survival, explicit assumptions about treatment assignment and confounding for causal
effects, and policy-level validation for decisions. A study that evaluates only classification
provides no evidence for regression, density modelling, causal estimation, or survival pre-
diction, and a method proposed for uncertainty-aware prediction must report probabilistic
metrics, not only accuracy or AUC.

The axes interact: a semantics-aware model benefits from real-data pretraining but
faces stronger provenance questions, a large-context model needs a specialised architecture
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or batching strategy, and a causal or density interface needs different metrics. Before asking
whether one model is best, the reader should therefore identify the pretraining source,
context mechanism, scale regime, modality, and task interface being evaluated.

Table 7. Task interfaces of TFMs and the output each requires.

Interface Required Output Representative Work

Classification Class probabilities TabPEN, TabICL, TabDPT [1,9,12]

Regression Mean and uncertainty TabPEN v2, TabDPT [1,12]

Density estimation Conditional density; log likelihood; PFN posterior predictive output [22,27]
CRPS

Survival analysis Survival curve or time- Survival-aware adaptation [53]
dependent risk

Causal inference Treatment effects CausalFM, CausalPFN, Do-PFN [54-56]

Time series and streams  Forecasts or stream predictions ForecastPFN, TabPFN

extensions [28,57,62,63]

Decisions and optimisa- Policies, values, or next candidates PFNs4BO, TabPFN-based RL,

tion GIT-BO [58-60]

Graph node prediction =~ Node-level predictions GraphPEN [61]

4.2. Context Construction and Use-Time Choices

For a TFM, downstream use begins before the forward pass. A table has to be turned
into a context: labelled examples, query rows, feature encodings, optional schema text,
batching choices, and sometimes adaptation steps. These choices change accuracy, calibra-
tion, fairness, leakage risk, and runtime even when no gradient training takes place, so
training-free use is not choice-free use.

Six decisions carry most of this weight: context selection (size, sampling rule, class
and group balance, seeds, and no use of test labels [46]); ordering and batching (row order,
chunking, order ensembling, context limit [1]); preprocessing (missingness, categorical
encoding, scaling, feature filtering, leakage checks); schema semantics (whether names or
text were used, serialisation format, backbone, provenance [14-16,64]); adaptation (frozen
or adapted, validation budget, objective, calibration before and after [65,66]); and compute
allocation (hardware, inference and tuning time, ensemble size, test-time compute, baseline
search budget). They form one disclosure group of the reporting checklist (Section 5.4),
and two studies of the same TFM evaluate different workflows if any of the six differ.

Context selection is the central decision. If the model can use the whole training table,
the context is the training set; if only a subset fits, the selection rule becomes part of the model.
Nearest-neighbour, class-balanced, random, and uncertainty-selected contexts expose the
model to different local patterns and group proportions, which matters for subgroup
reliability and fairness as well as accuracy. The rule should therefore be fixed before test
labels are seen and reported in reproducible detail. Preprocessing stays part of the claim for
the same reason, above all when TFMs are compared with GBDTs and deep networks, which
benefit from different defaults. Adaptation changes what a number measures: a frozen
TFM measures the pretrained learner and its context mechanism, whereas a fine-tuned,
adapted, retrieved, ensembled, or distilled TFM measures a broader workflow. The two
should not be mixed without stating validation and compute budgets.

4.3. Model Families

The TFM literature reads best as a set of responses to a few bottlenecks: context size,
prior coverage, schema meaning, and interface breadth. Figure 3 places the main milestones
on a timeline coloured by this reading, and Table 8 maps representative models to the
design axes.
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The TabPEN family is the reference point because it made tabular ICL concrete.
TabPEN v1 showed that a transformer pretrained on synthetic, SCM-generated datasets
could solve small classification problems in context [8]. TabPFN v2 extended the idea to
regression with alternating column and row attention and reported strong results up to
roughly 10,000 rows at much lower per-task compute than tuned ensembles [1]. Later
releases of the lineage exist only as vendor technical reports, so they fall outside the corpus
under criterion (v), and the lineage is assessed on its peer-reviewed members.

2022 2023 2024 2025 2026

Transformers can do , AT ea A )
veciam ~ TabPFN v1o ¢ TabuLa-8Bo ¢ TabPFN v2o ¢ TabICLv2 o
By fnisiengs ICLR 2023 ‘ NeurIPS 2024 ‘ Nature 2025 ICML 2026
‘ CARTE o ‘ TabICL o ¢ CausalFM
L ICML 2024 J ICML 2025 ICLR 2026
TabDPT o ¢
NeurIPS 2025

Mitra o ¢

ICLR 2022

NeurIPS 2025

TabSTAR o
NeurIPS 2025 |

real/mixed prior ( semantic / LLM ] [structured extension]

o open weights or source (the access column of the model table) ¢ independently evaluated in a comparison-bearing study of the corpus (Section 5.4)

Figure 3. Milestones in the tabular foundation model lineage, coloured by design theme, with
openness and independent-evaluation markers; dates and venues follow the cited publication records.

Table 8. Representative TFMs mapped to the design taxonomy.

Model Pretraining Data Context Mechanism Tasks Reported Scale Access
PEN reference lineage and architectural variants
TabPFN v1 [8] Synthetic SCM prior ~ Transformer over rows Classification <1k rows, 100 features, Open weights
10 classes
TabPFN v2 [1] Synthetic Attention across features Classification, regres- ~10k rows, 500 features Open weights
and rows sion
MotherNet [52] Synthetic Hypernetwork emits a pre- Classification Small tables Open source
dictor
Scalable in-context models
TabICL [9] Synthetic Column-then-row encoder Classification ~500k rows Open weights
TabICLv2 [10] Synthetic Improved column-then-row Classification, regres- ~1M rows under 50GB  Open weights
encoder sion
TabFlex [11] Synthetic Linear attention Classification Millions of rows NR
Real and mixed pretraining
TabDPT [12] Real tables Retrieval-based ICL Classification, regres- Retrieval-scaled Open weights
sion
Mitra [13] Mixed synthetic pri- TabPFN-style ICL Classification, regres- Small to medium Open weights
ors sion
Semantic, representation, and language-mediated transfer
CARTE [16] Real cross-table cor- Graph of entries; fine- Classification, regres- Small to medium Open source
pora tuning sion
TabSTAR [14] Real tables with text ~ Text encoder with target to- Text-rich classification ~Medium to large Open source
kens
ConTextTab [15] Real tables with se- Semantics-aware ICL Classification, regres- Small to medium Open source
mantics sion
TabuLa-8B [17] Web tables Serialised rows in Llama-3- Zero- and few-shot clas- Context-limited Open weights
8B sification

NR: Not reported by the source; SCM: Structural causal model.
Scaling work starts from a practical constraint: full-context ICL becomes costly as the

training table grows, so larger TFMs change either the architecture or the way context is
processed. TabICL operates on up to roughly 500,000 samples, although it was pretrained
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on synthetic datasets of at most 60,000, and it matches TabPFN v2 across the 200 TALENT
classification datasets while running up to ten times faster [9]. TabICLv2 reports million-
scale operation under 50 GB of GPU memory [10], and TabFlex targets million-row settings
with linear attention [11]. TabSwift targets inference cost instead of context size and reports
accuracy competitive with TabPFN v2 and TabICL from a row-wise attention-only backbone
with an adaptive early exit [67]. Adaptations rescue small-context models on larger data:
TuneTables compresses large datasets into learned contexts [65], retrieval-based localisation
fine-tunes on nearest-neighbour contexts [66], and aligned encoders extend TabPFN to
large, high-dimensional tables [68]. Larger context capacity is informative only when the
evaluation also reports cost, batching rules, calibration, and the regime in which the scaling
claim was obtained.

The choice of pretraining data is the main split among the families. Synthetic-prior
models control the pretraining distribution and avoid overlap with public benchmark
tables [1]. TabDPT pretrains on real tables with self-supervised learning and retrieval [12],
Mitra mixes synthetic priors [13], and XTab explored cross-table pretraining before the
current wave [69]. Real and mixed pretraining cover realistic schemas better but need prove-
nance, deduplication, licensing, and leakage controls, so pretraining data is an evaluation
variable, not only a development detail.

Semantics-aware and representation-transfer models address the meaning that column
names, units, free-text fields, and entity values carry and numeric arrays discard. TransTab
pretrains transferable row encoders that carry over across tables within a domain [70].
TabSTAR includes native text fields [14], ConTextTab uses semantic information inside an
in-context learner [15], CARTE represents tables as graphs of context-aware entries so that
transfer across schemas needs no explicit column matching [16]. TARTE reuses column
and entry semantics across datasets [64]. Language-mediated models form the fourth
family. TabLLM serialises rows into text prompts [71], TP-BERTa pretrains a language
model for tabular prediction with relative-magnitude tokenisation of numeric values [72],
MediTab uses language-model assistance to consolidate heterogeneous medical tables into
reusable domain predictors [73], and TabuLa-8B fine-tunes a Llama-3-8B model on a large
table corpus for zero- and few-shot transfer [17]. These models matter most when schema
language and text fields are central to the task. They differ from PFN-style TFMs in context
limits, input biases, privacy concerns, and contamination risk, because public web tables
can overlap with evaluation data [21].

Architectural variants and structured-task extensions complete the picture. MotherNet
produces a dataset-specific predictor in one forward pass [52], and HyperFast meta-trains a
hypernetwork of the same family that emits a ready classifier for an unseen table [74]. Equi-
TabPFN makes the architecture equivariant to target permutations [75], and Drift-Resilient
TabPEN replaces the exchangeable-row prior with one whose data-generating process drifts
over time [76]. Beyond prediction, PEN and ICL machinery has been adapted to tabular
generation [44], causal inference [54-56], time series and evolving streams [28,57,62,63],
survival analysis [53], reinforcement learning [58], Bayesian optimisation [59,60], and
graph node prediction [61]. The maturity of evidence differs sharply across these branches
(Section 5.5).

5. Evaluation Evidence
5.1. Regimes of Advantage and Parity

Table 9 consolidates the principal evaluation studies and codes, for each regime a
study evaluates, which paradigm the study’s own primary aggregate favours (mean rank,
Elo, or dataset win count), or Mixed when it reports no consistent leader. Cells transcribe
the study’s result and never re-analyse it. Table 10 gives the quantitative anchors the
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studies report, including effect sizes and win-tie-loss counts. TabPEN v2 reports strong
small-data classification and regression results with large speed advantages over heavily
tuned ensembles [1], and TabArena finds deep and foundation-model approaches highly
competitive on smaller datasets, especially with larger inference or ensembling budgets [20].
These results make TFMs serious competitors, not universal replacements.

Regime terms carry fixed thresholds. Small-to-medium means at most 10,000 training
rows and large means more than 10,000, following the TabPEN v2 envelope and the TALENT
size split. High-dimensional means more than 500 features, the same envelope’s feature
ceiling. The temporal, grouped, and text-rich strata follow the split or schema structure of
the data. Under these thresholds, three kinds of evidence have to be kept apart. Operation
at scale is demonstrated in developer evaluations under random splits: TabICL leads
TabPEN v2 and CatBoost on the 53 TALENT datasets above 10,000 rows and operates to
roughly 500,000 rows [9]. TabICLv2 and TabFlex report operation to a million rows [10,11].
Independent evaluation above 10,000 rows is confined to the clinical benchmark, whose
cohorts reach 139,528 patients, although it reports one pooled result across cohort sizes and
evaluates the v2.5 release of the reference model [19]. Deployment-matched and grouped
evaluation is where eligible coverage ends. No eligible study evaluates any TFM under
a grouped split. The one temporal-shift evaluation in the lineage is the developer study
of Drift-Resilient TabPFN. It pretrains on priors that drift over time and reports higher
accuracy and better calibration than XGBoost, CatBoost, the frozen reference model, and
the Wild-Time baselines [76]. Beyond 500 features, the eligible evaluations adapt the model
with trained encoders instead of using it frozen [68].

Established models keep their ground elsewhere. TabReD shows that industry-style
temporal splits and feature-engineered data reorder the rankings of deep networks and
GBDTs, although it evaluates per-dataset models only [18]. The broadest meta-feature
analysis finds that whether neural or tree-based models win tracks dataset properties such
as size and feature count, with no family dominating [7], and text-rich, high-cardinality
schemas are addressable only by semantics-aware or language-mediated models [14,15,17].
Independent clinical benchmarking finds TFMs competitive on several tasks while estab-
lished methods stay comparable or stronger in important settings [19]. The conclusion is
regime-based. TFMs suit small-to-medium IID problems with low tuning budgets. Tuned
GBDTs and neural baselines remain the necessary comparators for temporal, grouped, and
beyond-envelope data, where eligible TFM evidence is developer-reported or absent, and
text-rich schemas need a semantics-aware or language-mediated model before the compari-
son means anything. The empty cells of Table 9 sit exactly where TFMs are least established.

The 29 excluded preprint-only records bear on these conclusions in stated ways. The
broadest regime-stratified benchmark evaluates eleven models on 142 datasets spanning
IID, temporal, and grouped tasks, sample sizes, dimensionalities, and text features. It
finds TFMs ahead on small-to-medium IID data and tree-based and deep models ahead
in the non-IID, large, and high-dimensional regimes. Admitting it would fill the temporal,
grouped, and large-scale cells of Table 9 in the direction stated above and supply the regime-
stratified evidence the Evidence Ladder requires. The vendor report of the reference lineage
claims operation to 50,000 rows and 2000 features with developer-attested results and a
distillation engine that bears on Direction D7. The other vendor releases make similar
claims, so admitting them would extend the favourable record at scale without adding
independence. An independent credit-risk comparison reports untuned TFMs ahead of
established methods, with gains growing as datasets shrink, which would strengthen
C1 inside its regime. The remaining records concern prior design, memorisation, fine-
tuning, and inference cost, and bear on C4, C6, D4, and D7. No graded conclusion reverses
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under their admission; the main change would be from absent to stratified coverage of the
non-IID regimes.

Table 9. Principal empirical comparisons of TFMs with established baselines, with the paradigm each
favours in every regime it evaluates.

Ty £ .
- : k]
a [}
o E 2 P B g ¢
Source Scope, Comparators, and Split = = O a = K 2 Principal Resultand Limit
TabPFN v2 [1] Up to 10k rows; tuned ensembles and Au- L Beat the tuned ensemble in 2.8 s; larger and
toML at a four-hour budget; random splits shifted data out of scope
TabICL [9] 200 TALENT classification datasets, 53 M u Ahead of TabPFN v2 and CatBoost on the
above 10,000 rows; TabPFN v2 and CatBoost 53 datasets above 10,000 rows; developer-
among the comparators; random splits reported
TabArena [20] Living leaderboard; 51 small-to-medium u TEM and deep methods lead at larger infer-
tasks; TFMs, deep models, tuned GBDT en- ence budgets; mostly IID
sembles; random splits
Clinical Twelve binary tasks, 788 to 139,528 patients, Most AUROC gaps within +0.02; best base-
benchmark [19] results pooled over sizes; TabPFN (v2.5 re- line beaten in 16.7% of tasks; 5.5 x runtime
lease) against twelve methods
Drift-Resilient 18 synthetic and real datasets under tempo- u Accuracy 0.688 to 0.744 and ROC AUC 0.786
TabPFN [76] ral shift; XGBoost, CatBoost, frozen TabPFN, to 0.832 over the frozen model; developer-
Wild-Time baselines reported
N L Highest AUC; weaker conditional coverage

Uncertainty bench-
mark [77]

112 TALENT datasets; four TFMs against
GBDTs; random splits

than GBDTs when stratified by conformal set
size

Regression ~ with
GPs [78]

Regression problems of varying size at
4 to 40 features; TabPFN against Gaus-
sian processes

Competitive with sufficient data; Gaussian
processes often ahead when data are scarce

B TEM favourable; " Mixed; ®: Tree-based or deep favourable; : Not evaluated. IID: Small-to-
medium IID tables; Large: More than 10,000 training rows; High-dim.: More than 500 features; Text:
Text-rich features; Uncert.: Quality of predictive distributions. TabPFN v2, TabICL, and Drift-Resilient
TabPFN are developer evaluations, and TabArena shares authors with the TabPFN developer team;
the clinical, uncertainty, and Gaussian-process benchmarks are independent of the model developers.
The clinical benchmark reports one pooled result across its twelve cohorts, so its IID and Large cells
carry the same finding.

Table 10. Quantitative anchors reported by the principal comparisons, consolidated from the studies’
own figures.

Source Regime or Target Reported Quantity

TabPEN v2 [1] Small IID classification Beat an ensemble of baselines tuned for four hours in
2.8s

TabICL [9] 200 TALENT datasets On par with TabPEN v2 at up to 10 x lower runtime;
ahead of TabPFN v2 and CatBoost on the 53 datasets
above 10,000 samples

Clinical bench- Twelve clinical tasks AUROC gaps mostly within +0.02; best baseline

mark [19] beaten in 2 of 12 tasks (16.7%); 5.5 x median runtime

Uncertainty ~ bench- 112 TALENT datasets Highest AUC with weaker set-size-stratified condi-

mark [77] tional coverage than GBDTs

Regression with Regression at 4 to Competitive with sufficient data; Gaussian processes

GPs [78] 40 features often ahead on accuracy and uncertainty when data

are scarce

Spatial-encoding 24 datasets, tuned GBDTs Classical and neural pipelines win 12 datasets each;
benchmark [33] layout fitting up to 10*s at 1776 features

Each entry restates the cited study’s own reported figures. GPs: Gaussian processes.

5.2. Sources of Disagreement Between Benchmarks

Different benchmarks ask different questions. Random-split OpenML-style suites [79]
and the historical neural-versus-tree comparisons measure general predictive performance
but over-represent small IID tasks, the regime in which current TFMs match or exceed
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tuned trees [7]. TALENT is a unified evaluation toolbox for deep tabular learning, not a
deployment stress test [49]. TabReD emphasises industry-style temporal splits and feature-
engineered data [18], and TabArena maintains a living leaderboard of TFMs, deep models,
and tuned tree ensembles on curated small-to-medium tasks [20]. Each claim therefore
needs the benchmark that can test it: small-data speed, temporal generalisation, and text-rich
schemas call for different evidence. The last case is critical for language-mediated models,
because web-scale pretraining can overlap with public evaluation tables and large language
models memorise common public datasets [17,21,80]. The comparison-bearing evidence
also leans towards classification, on which TALENT and the arena suites centre; eligible
regression evidence comes from the model papers’ own evaluations and the comparison
with Gaussian processes [1,12,78].

5.3. Probability, Calibration, and Density Quality

Point accuracy does not suffice for TFMs. PFN-style models approximate posterior
predictive inference and output predictive distributions [22,27], whose reliability has to
be tested, and the eligible evidence consists of two comparisons that bound the question
from opposite sides. Against default-setting Gaussian processes on regression problems
of varying size at 4 to 40 features, TabPFN is competitive on the larger and more complex
problems in that range given sufficient data, while Gaussian processes often give better
accuracy and uncertainty estimates when data are scarce or the kernel matches the underly-
ing function [78]. Across the 112 TALENT datasets, four TEMs achieve the highest AUC but
weaker conditional coverage than gradient-boosted trees under conformal prediction, with
coverage stratified by the size of the conformal prediction set, not by dataset size [77,81].
No eligible benchmark yet scores TFM predictive densities across many datasets under
proper scoring rules, so density quality remains an open measurement task (Direction D2).
Discrimination and reliability are therefore separate axes: accuracy, AUC, and RMSE suit
point prediction, whereas probability claims need log loss, Brier score, calibration error [82],
coverage, CRPS, or other proper scoring rules [83].

5.4. Minimum Evidence for a Reliable Comparison

A reliable comparison states the dataset regime, baselines, tuning budget, context
construction, preprocessing, metrics, split design, contamination checks, and model version,
because these decide whether two results measure the same claim. A frozen TFM against
a lightly tuned GBDT answers a different question from an ensembled or adapted TFM
against a high-budget AutoML pipeline. Random splits on temporal data overstate perfor-
mance, and context rows chosen with information from test labels invalidate an in-context
comparison. Figure 4 consolidates these requirements, with the artefact-identification and
reproducibility details of Section 7, into the TFM Reporting Checklist. Every item is there
because at least one reviewed study shows that it changes a reported result.

Two items of the comparison-protocol group can be audited directly from the evidence
matrix, whose split and pretrained-model codes fix each study’s membership in the two
denominators (Table 11). Of the 29 studies for which a data split applies, 3 evaluate under
a deployment-matched split (temporal or horizon-based): a benchmark that evaluates no
TEM [18], a forecasting extension by the model developers [28], and a drift-adapted variant
evaluated by its developers [76]. No independent study therefore evaluates any TFM under
a deployment-matched split. None of the application studies, where deployment splits
matter most, use one. Of the 24 studies that evaluate a pretrained model, 4 report an
explicit contamination or leakage check or a provenance disclosure, 7 rely on the structural
argument that a synthetic prior cannot overlap with evaluation data, and 13 report nothing.
A study is coded as making the synthetic-prior argument only when its text invokes synthetic

https://doi.org/10.3390/electronics15215156


https://doi.org/10.3390/electronics15215156

Electronics 2026, 15, 5156

17 of 35

pretraining as the reason overlap cannot occur, including a benchmark that evaluates only
synthetic-prior models. A study that neither checks nor argues is coded as reporting nothing,
whatever could be inferred about its models. Curation against known within-benchmark
leakage, as the arena benchmark reports, is not an overlap check against a pretraining corpus
and is coded as reporting nothing [20].

Table 11. Two checklist items applied to the 32 studies of the evidence matrix.

Item Bench- Models  Extensions  Applica- All
marks tions

Deployment-matched split (studies with a data split )

Temporal, grouped, external, or hori- 20f11 0of 10 1of4 Oof4 3 0f29
zon split

Contamination or leakage handling (studies of a pretrained model )

Explicit check or provenance 0of8 4of6 0of5 0of5 4 of 24
Synthetic-prior argument only 40f8 1of6 20f5 0of5 7 of 24
Not reported 40f8 1of6 3of5 50f5 13 of 24
Studies in the group 8 6 5 5 24

Groups follow the evidence role coded in the matrix (benchmark, model, structured-task extension,
application), not the work category of Table 2. Studies without a data split and per-dataset methods
without a pretrained model are excluded from the respective denominators.

Artefact identity Comparison protocol Reproducibility

[0 Model and version

O Checkpoint, API date
[ Licence and access

[0 Pretraining source

O Supported size limits
[0 Known failure regimes

[ Dataset regime [ Context size and rule [ Point metrics [0 Dataset identifiers

O Split design O Class, group balance [ Proper scoring rules O Frozen split files

[ Tuned tree baseline [ Seeds; no test labels [0 Calibration, coverage [0 Preprocessing code

[ Tuned neural, AutoML = [J Ordering and batching =[] Subgroup performance ' [J Context-selection code
[0 Budget per comparator = [J Preprocessing [ Drift-sensitive tests [0 Metric code

O Contamination checks [0 Schema or text use [0 Benchmark commit

O Frozen or adapted
O Hardware and cost

Figure 4. The TFM Reporting Checklist, grouped by the part of an evaluation each item documents.

5.5. Seven Recurring Claims, Graded

The evidence above distils into seven claims that recur in the literature. Table 12
grades each with the rubric of Section 2.3 and prints the dimension scores behind every
grade. The strongest claims hold within specific regimes and interfaces and weaken when
generalised. The small-data claim (C1) holds inside its regime and gives no support to a
universal replacement claim. Its independent support comes from the two benchmarks
author-disjoint from the model developers [19,77]; the arena benchmark also supports it but
shares authors with the TabPFN developer team. The clinical benchmark reports its twelve
cohorts only as a range, 788 to 139,528 patients, with cohorts above 100,000 sampled down
to 100,000, and pools the results without stratifying by size, so the number of tasks inside
the small-to-medium regime cannot be read from it. It therefore enters C1 as independent
evidence of parity with a split-match score of 1, stated but not matched to the regime;
the side’s split-match score of 2 comes from the developer benchmarks, so the C1 totals
are unchanged.

One claim is Contested, meaning that evidence at the Moderate band or above exists
on both sides. C2 is graded at the scope a deployment relies on: that a frozen TFM needs no
per-dataset tuning for accuracy, calibration, or subgroup outcomes. On accuracy, the claim
is supported, and the fairness study supports it as well, because its context interventions
leave accuracy nearly constant [46]. The same study shows that those interventions move
group-fairness outcomes, so for outcomes other than accuracy the choice of context is
a per-dataset decision that has to be made and reported. Scoped to accuracy alone, C2

https://doi.org/10.3390/electronics15215156


https://doi.org/10.3390/electronics15215156

Electronics 2026, 15, 5156

18 of 35

would be Moderate with no countervailing source. The three adaptation studies in the
corpus [65,66,68], each motivated by the row or feature limits of the frozen model, show
that per-dataset adaptation raises accuracy over frozen use; they mark where the tuning-free
regime ends (Section 5.1 and Direction D5) rather than contest the claim inside it, and are
cited here as scope, not scored. For predictive distributions (C3), eligible support is thin and
regime-bound while the independent counter-evidence on conditional coverage is strong, so
the claim is Preliminary. Prior design (C4) is Moderate for the sufficiency of synthetic priors.
The mixed-prior evidence is itself a mixture of synthetic priors [13], so the countervailing
side rests on one developer study of real-data pretraining [12]. Among structured-task
interfaces (C5), only classification and regression are mature, and any generalisation claim
by a language-mediated model (C6) first needs contamination-controlled evaluation. The
tabular-to-image advantage (C7) is Preliminary, because its five supporting method papers
are developer-attested and none replicates another’s claim. In the one benchmark that tests
the family under one protocol, it is confined to small samples and the highest-dimensional
tables studied.

The grades are stable under the scoring choices (Table 13). Six variants were recom-
puted: the Strong threshold at 7 or 9, the Contested threshold at 4 or 6, the independence
dimension double-weighted, and no zero-dimension cap. Every grade is unchanged except
under a Contested threshold of 4, where C3 becomes Contested because its counter-evidence
is Strong, and C4 because its counter-evidence sits one point below the default threshold.
No supporting band rises under any variant.

Table 12. Seven recurring claims in the TFM literature with their supporting and countervailing
evidence, rubric scores, and grades.

Support Counter
Claim Supporting Evidence Countervailing Evidence or Total S Total K Grade
Scope Limit A/B/C/D/E A/B/C/D/E
C1. TFMs match or exceed Strong results and large speed Temporal, feature-engineered, 10 0 Strong
tuned GBDTs on small-to- gains [1,20]; independent bench- and text-rich data set the 2/2/2/2/2 in scope
medium IID tables marks report parity or better, scope [14,18]
pooled over dataset sizes [19,77]
C2. TFM use needs no One forward pass matches tuned Context  selection = moves 6 6 Contested (Moder-
per-dataset tuning for ac- baselines on accuracy [1,9] subgroup-fairness outcomes at  2/0/2/2/0 1/2/2/1/0  ate vs. Moderate)
curacy, calibration, or sub- near-constant accuracy [46]
group outcomes
C3. TFM predictive distri- Competitive distributions given Weaker conditional coverage 4 8 Preliminary
butions are reliable off the sulfficient data [78] across 112 datasets [77]; Gaus- 1/1/2/0/0 2/2/2/1/1  (Preliminary
shelf sian processes often ahead on vs. Strong)
scarce data [78]
C4. Synthetic priors Synthetic-only models competitive Real-table pretraining improves 6 4 Moderate (Moder-
are sufficient without benchmark overlap [1,9]; accuracy [12] 2/0/2/2/0 1/0/2/1/0 ate vs.  Prelimi-
a mixture of synthetic priors im- nary)
proves accuracy further [13]
C5. TEMs extend to general Causal, time-series, and decision No interface yet carries an eligi- 4 — Preliminary
structured-data inference  extensions [28,54,58] ble validation independent of its  2/0/2/0/0
own developers
Ce. Language-model One developer evaluation using Memorisation and serialisation 3 8 Preliminary
table predictors schema text [17] effects [21,80] 1/0/1/1/0 2/2/2/1/1  (Preliminary
generalise broadly vs. Strong)
C7. Tables rendered as Gains on omics, drug-response, A 12-12 tie against tuned GB- 3 8 Preliminary
images let vision networks and benchmark tasks [23,84-87] DTs, with wins confined to 2/0/1/0/0 2/1/2/2/1  (Preliminary
beat tuned GBDTs the data-scarce and highest- vs. Strong)

dimensional datasets [33];
converter-dependent [88]

A-E: Rubric dimensions of Table 4; —: Counter-evidence limits scope only; (a vs. b): Support and
counter bands. E counts replications by teams outside a side’s originating dependency groups: two
independent benchmarks for C1; one further independent team for the counter-evidence of C3, C6,
and C7; none for C2, C4, C5, and C7’s support, where every source attests its own model, prior,
interface, or encoding.
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Table 13. Grade stability of the seven claims under alternative scoring rules.

Scoring Rule C1 C2 C3 C4 C5 C6 C7
Rubric of Table 4 Strong Contested  Preliminary = Moderate  Preliminary Preliminary Preliminary
Strong threshold at 7 or at 9 v v v v v v 4
Contested threshold at 4 v v Contested Contested v v v
Contested threshold at 6 v v v v v v v
Independence double-weighted v v v v v v v
No zero-dimension cap v v v v v v v

A check mark means the grade is unchanged from the rubric grading in the first row.

6. Cross-Paradigm Comparison

Section 5 establishes where each family leads. This section compares the paradigms
on common axes and states candidate explanations for the differences, keeping the findings
of the cited work apart from the interpretations offered here. Table 14 sets seven paradigms
against the dimensions the evaluation literature treats as decisive: the locus of learning, the
regime in which the paradigm leads, behaviour under non-1ID structure, and interpretability.
Additive and depth-limited models occupy the interpretability corner and are the operative
comparator in regulated settings. Tabular-to-image and hybrid methods compete for the
same prediction problems and offer a useful contrast, because they manufacture the locality
that tabular data lack, the structure that PFN-style priors supply synthetically.

Table 14. Tabular learning paradigms compared on the dimensions that determine where each leads.

Paradigm Locus of Learning Regime of Advantage Non-IID Behaviour Interpretability

Adjacent paradigms fitted per dataset

Additive and depth-limited mod- Per dataset Very small data; explanation Visible degradation  Intrinsic and global

els [89] as the deliverable

Tree ensembles [3,90] Per dataset Irregular targets; large, engi- Refit per split Exact attribution [91]
neered tables [6,18]

Deep tabular networks [37,39,42] Per dataset Large tables with Refit per split Post hoc; examples in re-
local structure trieval designs [38]

Tabular-to-image and hybrid net- Per dataset, plusa fitted Small samples or the highest Layout refit per split ~Saliency; branch

works [33,84] layout dimensionalities tested [33] scores [35]

Tabular foundation models pretrained across tables

Representation transfer [16,64,69] Pretrained; head per Semantic columns and enti- Head refit per split ~ Post hoc

dataset ties
Language-mediated Pretrained language Text-rich schemas; few-shot Sensitive to serialisa- Token level, after memori-
models [17,71] model use [21] tion [71] sation checks
Pure in-context TFMs [1,9,12] Pretrained once; table Small-to-medium IID, low Exchangeable-row Post hoc; mechanism
as context tuning budget [1,20] prior probes [45]

6.1. Tabular-to-Image and Hybrid Tabular—Visual Methods

This family keeps the per-dataset workflow and changes the data instead of the learner:
each row is rendered as an image so that convolutional networks or vision transformers can
be applied. Parametric layout methods compute a feature-to-pixel layout from the training
table so that similar features land on neighbouring pixels. DeepInsight, REFINED, IGTD,
and TINTO differ in projection and refinement, and the TINTOIlib library implements them
behind one interface [23,31,32,84,85]; FC-Viz places correlated and interacting features side
by side to obtain smaller images and faster networks at similar accuracy [92]. Non-parametric
methods map values to the image by a fixed rule, from printed feature values to pixel areas
proportional to feature importance [24,25]. Integrated methods learn the transformation
jointly with the classifier [86,87]. Hybrid tabular—visual networks add an MLP branch on
the raw features and fuse it with the image branch. The published examples are indoor-
localisation networks reading MIMO channel tables, later extended to CNN-KAN hybrids

https://doi.org/10.3390/electronics15215156


https://doi.org/10.3390/electronics15215156

Electronics 2026, 15, 5156

20 of 35

with branch-level attribution [34,35], and transfer learning across tabular-to-image tasks
has also been tested [93]. Fusing real images with tables [94,95] is a different problem, in
which the image is an input modality rather than an encoding of the table, and lies outside
this review.

The method papers report gains on specific, mostly high-dimensional biological and
chemical tasks against baselines each chose. The family’s coverage is concentrated. The
TINTO encoding and library, the spatial-encoding benchmark, and the two hybrid-network
studies share a research group on their author lists [31-35], and the replication dimension
counts them once. The benchmark of Liu et al. [33] is the first to evaluate the family under
one protocol against tuned GBDTs; its authors developed the TINTO encoding and library
it includes, so it is developer-affiliated for part of what it evaluates. It covers nine encodings,
four vision or hybrid architectures, and 24 regression and classification datasets from the
literature and the OpenML CC18 and CTR23 suites, with Optuna tuning for every model.

Its findings follow the regime structure of Section 5. Classical and neural pipelines each
win 12 of the 24 datasets. Neural pipelines win in the data-scarce regime (N < 5k) and on the
highest-dimensional datasets, from the 617-feature ISOLET data to the 1600-feature MIMO
data, and GBDTs win on medium-to-large tables with low-to-moderate feature counts. The
transformation has a larger and statistically significant effect on accuracy than the vision
architecture. REFINED is the most robust encoding, leading a statistically indistinguishable
group (IGTD, distance matrix, combination), and hybrid CNN + MLP and ViT + MLP
models reduce predictive variance, most visibly on small datasets, while ViT, CNN, and
hybrid variants are not statistically separable overall. Parametric encodings are costly at high
dimensionality (REFINED takes in the order of 10* s to fit on the 1776-feature Bioresponse
data), and non-parametric ones scale poorly because image size grows with feature count.
Categorical features enter through one-hot encoding, which disrupts spatial coherence.

Two consequences follow for the comparison with TFMs. First, both families claim
the small-sample regime, where a manufactured spatial prior or a learned prior supplies
structure the data alone cannot. No eligible study compares them directly: the spatial-
encoding benchmark includes no TFM, and the TFM benchmarks include no image pipeline;
Direction D1 states the experiment. Second, they differ in what is reused. A tabular-to-
image pipeline fits its layout, network, and hyperparameters per dataset, so it inherits the
tuning cost of deep tabular networks plus the transformation cost and transfers nothing to
the next table. A TEM pays its cost once, at pretraining. The practical trade is a per-dataset
design search on one side against a fixed prior with a context protocol on the other.

6.2. Candidate Explanations for the Observed Differences

Four explanations account for most of the pattern in Table 14. The first is established
by controlled experiments. The other three are hypotheses, each stated with what would
confirm or refute it.

H1 (established): target geometry favours axis-aligned partitioning. Controlled
comparison established three properties of typical tabular problems that penalise
neural architectures: target functions are often irregular while neural networks favour
smooth solutions; uninformative features degrade multilayer perceptrons more than
trees; and tabular data are not rotationally invariant, so rotation-invariant architectures
discard structure that axis-aligned splits keep [6]. This is a property of the data, not of
the optimiser, and it explains why tuned trees stayed hard to displace across a decade
of neural proposals [7,41,42]. Tabular-to-image methods are consistent with it, since
they give the data a locality the original features lack.

H2 (hypothesis): the pretrained prior substitutes for data that are not there. A PFN
approximates the posterior predictive distribution under a prior over datasets [22,
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27]. If most of the predictive content on a small table comes from that prior, the
advantage should be largest where per-dataset estimation is least reliable and should
need no tuning, because the model averages over hypotheses instead of selecting one.
The evidence fits: the advantage concentrates at small-to-medium scale and arrives
without per-dataset tuning [1,20]. Explicit priors set a boundary, because default-
setting Gaussian processes often beat TabPFN on accuracy and uncertainty in the same
data-scarce regime [78]; the hypothesis therefore concerns a learned prior against
no prior, not against a well-matched explicit one. The alternative is that the gain
comes from the ensembling and preprocessing in the inference pipeline. Ablating the
ensemble would separate the two, as would narrowing or widening the prior at fixed
architecture while measuring the gap to tuned trees.

H3 (hypothesis): the prior’s marginal contribution declines as the table grows. If H2
holds, the advantage should shrink as n grows and the likelihood comes to dominate
the prior. The evidence supports a conditional form. The advantage concentrates at
small scale and the winner tracks dataset properties including size [7], yet architectures
built for larger contexts win at larger n, with TabICL ahead of both TabPEN v2 and
CatBoost above 10,000 samples [9]. A competing explanation is context truncation:
models that cannot hold the full table subsample it, and TabPFN v2 truncates at that
scale, so the cited result cannot separate the two readings. Varying n at fixed context
capacity, and comparing models whose capacity exceeds the table, would.

H4 (hypothesis): exchangeability is the binding assumption under non-IID struc-
ture. Pretraining fits the network over randomised context-query splits, which assumes
exchangeable rows. A temporal table violates this because the admissible split is or-
dered, and a grouped table because it is by group. On this reading, the non-IID deficit is
a mismatch between the pretraining objective and the deployment split, which should
persist as models scale and close only when the prior or the context rule changes. Time-
based validation that leaves simple MLPs and GBDTs strongest on industry-grade
data is consistent with this [18]. The competing explanation is that shift hurts every
model and TFMs merely lack a re-fitting step, which fine-tuning on the deployment
distribution would supply. Direction D5 states the separating experiment: pretrain
with an order-aware or group-aware prior and test, at fixed capacity and against a
fine-tuned baseline, whether the temporal deficit closes. Drift-Resilient TabPFN runs
the order-aware half of that experiment and reports a favourable developer result
under temporal shift (Section 5.1) [76]. The group-aware half and an independent
replication remain open.

A fifth difference is a channel, not a mechanism. Schema semantics (column names,
units, entity strings, free text) is information that numeric-array models cannot rep-
resent. If it carries signal, the relevant comparison is a semantics-aware or language-
mediated model against both trees and numeric TFMs [14-17], and whether corpus
overlap has been excluded must be settled before performance is compared [21,80].

7. Trustworthiness, Interpretability, and Deployment

TEMs change the deployment problem without removing it. They reduce per-dataset

training and tuning and add dependencies on the pretraining data, the context construction,
the model version, the access mode, and the benchmark regime. Figure 5 maps five risk
surfaces to the failure mode each produces and the disclosure each requires; the disclosures
are the items of Figure 4.
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Figure 5. Deployment-readiness map. Each risk surface produces a specific failure mode, and each
failure mode implies a specific disclosure.

7.1. Data, Context, and Prediction Risks

Data and pretraining risk depends on how the model was built. Synthetic priors reduce
privacy and contamination risk because the pretraining tasks are generated, not copied
from public tables [1]. Real and mixed pretraining add realism and require provenance,
licensing, and leakage controls [12,13]. The risk is greatest for language-mediated models,
whose web or table corpora can overlap with evaluation sources [17,21]. Context construction
is the second surface. In an in-context model, the selected rows are the effective evidence at
prediction time. Fairness work on TabPFN v2, TabICL, and TabDPT shows that context-
selection strategies change group-fairness metrics with limited accuracy loss [46], measured
against the equality-of-opportunity criterion of Hardt et al. [96]. The same mechanism
leaks if context rows are chosen with information unavailable in deployment. Prediction
reliability is assessed separately from accuracy (Section 5.3), and deployment-like splits
change rankings relative to IID evaluation [18]. Operational readiness depends on whether
the model can be reproduced, served, monitored, and audited. Learned contexts and
retrieval-based localisation improve adaptation but change the evaluated workflow [65,66].
Open weights support local auditing, privacy control, ablation, and mechanistic analysis,
whereas API-only systems and releases with restrictive licences are harder to replicate when
versions, endpoints, or access conditions change.

7.2. Interpretability Across Paradigms

Interpretability is the dimension on which the paradigms differ most, and the difference
is structural. Every per-dataset paradigm has a fitted model whose parameters encode what
was learned, and explanation interrogates that object. A pure in-context TEM has no such
object: its weights encode a learning procedure shared across all tables, and everything
specific to the problem lives in the context. What has to be explained therefore splits into
the prediction, the context rows that produced it, and the prior that shaped the procedure.

Four distinctions organise the interpretability column of Table 14. The first is intrinsic
versus post hoc explanation. Depth-limited trees and additive models are intrinsically
interpretable, and additive models with pairwise terms recover much of the accuracy of an
unrestricted model while staying readable [89]. Tree ensembles are opaque in aggregate
but admit exact Shapley attribution in polynomial time [91], which for an arbitrary model
can only be approximated [97]. Deep tabular networks, tabular-to-image pipelines, and
TFMs are post hoc by default, and intrinsically interpretable TFM designs remain open in
the eligible literature. On the image side, hybrid networks combine Grad-CAM saliency on
the image branch with attribution on the raw-feature branch [35].
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The second distinction is feature versus example attribution. Feature attribution says
which columns mattered; example attribution says which context rows mattered. Only the
first is routinely reported, yet for an in-context learner the second identifies the evidence
actually used, and it changes with the context-selection rule [46]. Mechanistic analyses ask
what the network retrieves or transforms from context [45]. The third is local against global.
A global explanation of a tree ensemble is well defined because the fitted model is fixed,
whereas for a TFM only the prior and the procedure can be characterised globally, the target
of mechanistic probing [45]. The fourth is explanation quality, covering faithfulness, cost,
and stability, which no eligible study yet measures for TFM explanations. Stability is the
open item: resampling, reordering, and rebalancing the context move the prediction [46],
so a TFM explanation should be reported with the context protocol that produced it. With
correlated features, whether an attribution describes the fitted model or the data distribution
matters more for in-context learners, whose behaviour on a table is a function of that table’s
rows, so the intended target should be stated. In scientific and engineering applications,
corroborating data-driven attributions against an independent physical model is a stronger
standard than agreement between attribution methods; a recent engineering study reads
explainable-Al attributions against multiphysical simulation to uncover process—structure
relationships [98].

Tree ensembles therefore keep a real, and in regulated deployment often decisive,
advantage: exact attribution, an auditable fitted structure, and a size-transparency trade-off
the practitioner controls by limiting depth. TFMs give this up and offer a form of explanation
the other families lack, direct inspection of which training examples support a prediction.

7.3. Deployment Footprint

The families differ more in deployment profile than in accuracy (Table 15), and
“training-free” collapses three cost components. The fit cost is what it takes to obtain a
model for a table. For trees, deep networks, and tabular-to-image pipelines, it is per-dataset
training and tuning; for a TFM, it is an amortised pretraining the user does not pay for,
plus a context-preparation step the user does. The per-prediction cost is independent of the
training-set size for a tree ensemble, which evaluates a fixed sequence of comparisons, but
scales with the training table for a pure in-context learner, which must hold the context at
prediction time. The artefact footprint is everything that must be stored, shipped, versioned,
and audited.

Three findings follow. The tree advantage on constrained targets is structural: artefact
size and per-prediction cost are set by user-chosen parameters and need no accelerator. The
TFM constraint is the context, not the weights: the networks are small by current standards,
while inference memory grows with the training-table context, to one million rows under
50 GB of GPU memory in the largest reported envelope [10]. Under tight constraints, the
natural production route distils the TFM into a compact student model, a route no eligible
study yet evaluates. The deployed artefact under hard constraints therefore belongs today
to the classical families, and the open question is whether a distilled model beats a directly
tuned compact model of the same footprint (Direction D7). No eligible benchmark reports
accuracy under a fixed memory or energy budget on a constrained device, which is why
Table 15 separates structural properties from measured results.
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Table 15. Deployment profile of the main families. Structural entries follow from how each family
computes a prediction; measured entries carry their source.

Dimension Tree Ensembles Deep and Image-Based Tabular Foundation Models
Networks

Locus of learning Per dataset, on site Per dataset, on site Once, off site; the site supplies context

Deployed artefact Trees sized by the user Weights; fitted Pretrained network plus context rows

image layout

Inference hardware CPU CPU; GPU for large models GPU in the reported evaluations [1,10]

Memory at inference Constant Constant Grows with the training-table context; 1M rows under 50 GB
of GPU memory [10]

Measured cost Reference comparator Layout fit up to 10*s [33]  2.8s against a four-hour search [1]; 5.5 x clinical runtime [19];
order-of-magnitude faster spatial prediction than a hierarchi-
cal Bayesian model, costlier per-variable imputation [99]

Size—-accuracy control Direct Indirect Not exposed by the pretrained artefact

On-site update Routine Routine Learned-context and retrieval adaptation [65,66]; open-
weight releases support local updates

Governance Local Local Varies by release and licence [1,10]

7.4. Evidence Ladder and Practitioner Guidance

Deployment maturity should be stated conservatively, and the TFM Evidence Ladder
(M0-M4, Figure 6) does so. A model occupies a rung only if every item beneath it is
available. The ladder measures the availability of evidence, not its favourability, so un-
favourable regime evidence counts and a rung name describes what evidence exists without
recommending the model. Its trust items are checkable conditions: subgroup performance
means metrics reported per protected or domain-relevant subgroup, and drift-sensitive
validation means evaluation under a temporal or otherwise shifted split of the deployment
data. Rung M2 requires stratified eligible results on all five regime axes (temporal, grouped,
scale, dimensionality, text), because a model’s regime profile is unknown until every axis is
tested. Stratification on a subset of axes is recorded per axis (Section 9.2) without occupying
the rung. Section 9.2 applies the ladder to four models, each the one with the largest body
of corpus evidence in its lineage branch: the pure in-context reference model, the scalable
in-context line, the language-mediated line, and the structured-task extensions.

A practical validation path starts from the deployment regime, not from the model
name, and takes three decisions in order. The split is random only when the intended use
is approximately IID, and otherwise grouped, temporal, site-held-out, or external. The
baselines include a tuned tree ensemble and, where relevant, a tuned neural or AutoML
system at a stated budget. The context protocol states which rows are available at prediction
time, how they are sampled, whether sampling uses protected or target-related information,
and whether it would be permitted in deployment. Table 16 condenses this guidance
by regime.

Table 16. Practitioner decision guide by deployment regime.

Situation First Choice Required Check

Small or medium IID data, low OpenTFM Default and tuned GBDT comparison; proper scores when-
tuning budget ever the output is used as a probability (high-stakes row)
Few samples, very many features TEM, tuned GBDT, Transformation cost reported

image hybrid

Temporal or grouped data

Tuned GBDT or deep model TFM tested on the matching split

Very high dimensionality or cardinality Model within its envelope  Supported feature limits

Large row count

Scalable TFM Matched budget against tuned GBDT and AutoML
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Table 16. Cont.

Situation

First Choice

Required Check

Text-rich tables

Semantics-aware or

guage model

lan- Contamination and provenance

High-stakes probabilities

Recalibrated model

Proper scores, not accuracy alone

Private or regulated data

Open-weight local model

Data provenance

API-only model

Pinned version

Access date and repeated-call stability

Strict latency or memory

Distilled compact model

Directly tuned model of equal size; on-device cost

MO0 — Concept

/

Requires: a work-
ing prototype and a
stated mechanism.
Nothing is estab-
lished about perfor-
mance.

TabPEN v2
TabICL
TabuLa-8B
CausalFM

M1 — Benchmark ’

Requires: evalua-
tion against tuned
baselines on standard
IID suites at a stated
budget. Says nothing
about other regimes.

unoccupied

‘ M2 — Regime-tested

Requires: results
stratified by regime
on all five axes (tem-
poral, grouped, scale,
dimensionality, text).
Unfavourable evi-
dence still counts.

unoccupied

/ M3 — Trust-profiled

Requires: calibra-
tion under proper
scores, subgroup
performance, drift-
sensitive validation,
licence and version
clarity.

unoccupied

M4 —
/ Deployment-ready

Requires: external
validation, monitor-
ing over time, reval-
idation after model
updates, and an audit
trail.

Figure 6. The TFM Evidence Ladder (M0-M4). A model occupies a rung only when every item
beneath it is available; the occupancy shown follows the assessment of Section 9.2.

8. Application Evidence by Regime

Application studies are read here for what only applied work can show: whether
the advantage survives external validation, how evidence quality differs across domains,
and which operational constraints bind in practice. Table 17 grades the domains with
comparison-bearing evidence and states the validation that would raise each grade.

Three observations follow. Independence changes the verdict. Clinical prediction is
the one domain with a dedicated independent benchmark, and it gives the most conditional
result, parity with established methods at higher computational cost [19]. Elsewhere,
the studies are largely single-team, so favourable results are demonstrations rather than
validations [29,99]. Applied use is broader than validated applied evidence: the corpus
keeps five application studies because only those report a comparison capable of testing a
claim. And the binding constraint is often not accuracy. It is GPU dependence and runtime
in clinical deployment [19], temporal drift and regulatory defensibility in industry [18],
and device resources in industrial and Iol intrusion detection, where the published designs
build ensembles or hybrids around the model’s sample and class ceilings [29,30,100]. In
scientific small-data settings, it is the trustworthiness of the predictive distribution [78,99].
The security studies report strong results under random splits on standard intrusion corpora,
while temporal splits and adversarial perturbation, the conditions the domain imposes,
remain untested. Across domains, success is predicted by the data regime, not the field.
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Table 17. Application evidence by domain, graded with the rubric of Table 4, and the validation
required to strengthen each claim.

Application Area Governing Regime  Evidence (Total: i;;‘l/% /DJE) Validation Needed
Clinical risk [19,53] Moderate to large Most AUROC gaps within £0.02; Moderate Site-held-out tests; minority
cohorts; strong best baseline beaten in 16.7% of 7:2/2/1/2/0 strata; calibration; censoring-

local baselines

tasks; 5.5x runtime; survival-
aware adaptation for censored out-
comes

aware metrics

Industrial and IoT intru- Few incidents; device
sion [29,30,100] limits; adversarial drift

Competitive detection through en-
sembles built around sample and
class limits

Moderate
6:2/2/1/0/1

Temporal and adversarial tests;
minority-attack recall; on-device
profiling

Geoscience and soil [99] Small, costly samples

Beats a hierarchical Bayesian

baseline on both tasks; order-
of-magnitude faster spa-
tial prediction; costlier per-

variable imputation

Moderate
5:1/2/1/1/0

Blocked spatial validation; krig-
ing baselines

Structured-task exten- Non-tabular problems
sions [28,58,60] posed as tables

Working forecasting, optimisation,
and decision workflows

Preliminary
4:2/0/2/0/0

Backtesting; regret curves

Each grade applies the rubric of Table 4 to the claim that a TFM matches or beats tuned established
baselines under the governing regime; A-E are the rubric dimensions.

9. Discussion and Research Agenda

The preceding sections treat each evidence domain on its own. This section reads them

against one another and turns the result into an agenda.

9.1. Regime Dependence and Evaluation Broadening

Across the corpus, the factor most consistently associated with whether a TFM matches

or exceeds its comparators is the evaluation regime, not the architecture, the prior, or the

release date. Read alone, the evaluations of Table 9 seem to disagree; read together, they

sample different regions of one regime space and agree once the regime is held fixed. The

spatial-encoding benchmark extends the agreement to tabular-to-image pipelines, which

meet the same small-N, high-d boundary [33].

A reported result is therefore a statement about a region of that space, and its trans-

ferability is bounded by the region’s edges. Four boundaries recur. A model validated

to a row and feature envelope carries no evidence beyond it. The envelopes differ across
the lineage: roughly 10,000 rows and 500 features for TabPFN v2, around 500,000 rows for
TabICL under its own settings, and a million rows for TabICLv2 [1,9,10]. Random splits

on data with temporal or grouped structure can reorder rankings entirely [18]. A frozen

TFM against a lightly tuned tree answers a different question from the same TFM against

a four-hour AutoML ensemble. And discrimination and reliability can move in opposite

directions in the same model [77].

Reading the domains together also exposes a regularity no single study shows: in the

three broadening comparisons of Table 18, extending the split design, the metric family,

or the evaluator’s independence moved the estimated advantage towards parity. The

comparisons differ in directness. The metric and evaluator comparisons are direct, observing

the same models under a broader protocol. The split comparison is indirect, because the

temporal benchmark evaluates per-dataset deep models and GBDTs, not TFMs [18]. It

shows that temporal splits reorder rankings among established models, not that a measured

TFM advantage shrank. The comparisons come from different studies, metrics, and settings,

not from an exhaustive enumeration, so the regularity is a hypothesis. The corpus also holds
counter-examples: TabICL leads TabPFN v2 and CatBoost on the TALENT datasets above
10,000 samples [9], and the drift-adapted TabPEN variant reports a favourable developer

result under temporal shift [76]. The small-data results remain real and replicated. The
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hypothesis supports a default reading: a favourable result from a narrow regime is an upper
bound on the advantage available outside it. This places the burden of demonstration on
the broader claim.

Table 18. Three comparisons underlying the evaluation-broadening pattern.

Broadened from and to Effect on the TFM Advan- Evidence
Axis tage
Split design ~ Random to temporal splits [18] Rankings reorder; MLPs and Indirect: no TFM
GBDTs strongest evaluated
Metric family ~ Discrimination to conditional cover- Coverage trails GBDTs Direct
age [77]
Evaluator Developers to independent clinical Parity at 5.5x runtime Direct

benchmark [19]

9.2. Disclosure and Evidence Maturity

Reading the trustworthiness risks of Section 7 against the evaluation and application
evidence yields one cross-cutting conclusion: the assumptions that carry a TFM result
are the ones least often reported. Context protocols, compute accounting, pretraining
provenance, and artefact identity each determine what a number means. Each has been
shown to move it: context composition shifts group fairness at near-constant accuracy [46],
total cost of prediction can invert an apparent efficiency advantage [19], and corpus overlap
can substitute recall for generalisation [21,80]. The audit of Table 11 shows how far practice
falls short: 3 of 29 comparison-bearing studies evaluate under a deployment-matched split,
none of them an independent evaluation of a TFM, and 13 of the 24 that evaluate a pretrained
model report no contamination or leakage check. A result without its context rule, total
cost of prediction, or contamination checks is less interpretable, not only less reproducible.
Evidence maturity is therefore not evidence quantity: a model with many favourable results
can sit lower on the Evidence Ladder than one with fewer, if those results rest on unstated
assumptions.

Applied to four models that span the families, the ladder separates them by the type of
evidence available, not by headline performance. It exposes a structural gap: all four occupy
M1 (Figure 6), because M2 requires eligible results stratified on all five regime axes and no
eligible study provides them. Single-axis stratification exists, from TabICL's size-stratified
TALENT results [9] and the clinical benchmark’s cohorts of up to 139,528 patients [19],
and Table 19 records it per axis without rung occupancy. Several trust items above M2
are available out of rung order for the pure in-context models: calibration and coverage
evidence for TabPFN v2 [77,78], subgroup evidence for TabPFN v2 and TabICL [46], and
independent external clinical evidence for TabPEN v2, including unfavourable findings [19].
Drift-sensitive validation exists for none of the four; the drift-adapted variant’s temporal-
shift evidence [76] bears on H4 but does not validate the frozen reference model. TabuLa-
8B is held at M1 by the lack of contamination-controlled transfer evaluation in light of
the memorisation evidence [17,21,80], and CausalFM by the lack of independent causal
replication under a shared protocol with explicit tests of identification assumptions [54].
No reviewed model reaches M4, which requires post-deployment evidence: performance
monitored through drift, revalidation after model or endpoint updates, and an audit trail
linking decisions to the artefact that produced them. That vacancy is the lifecycle gap
behind Direction Dé.
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Table 19. Evidence Ladder criterion matrix for the four representative models.

Criterion

TabPFN v2 TabICL TabuLa-8B CausalFM

MO—-Concept

Prototype and stated mecha- [1]

nism

[9] [17] [54]

M1—-Benchmark

Tuned baselines, standard
suites, stated budget

[1]: 4h ensemble, AutoML [9]: TALENT [17]: XGBoost, TabPFN [54]: causal estimators

tuned baselines

M2

Regime-tested (all five axes required)

Scale [19], independent, to [9], developer size- - -
139,528 patients stratified

Temporal — (drift-adapted variant - - -
only [76])

Grouped - - - -

Dimensionality — (adapted beyond the enve- — - -
lope [68])

Text - - - (contamination- —

controlled evaluation

outstanding [21,80])

M3—Trust-profiled

Calibration under
proper scores

[77,78], incl. unfavourable - - -

Subgroup performance [46] [46] - -
Drift-sensitive validation — (variant only [76]) - - -
Licence and version clarity [1] [9] [17] -
M4—-Deployment-ready

External domain validation [19] - - -
Monitoring, revalidation, audit - - - -
trail

Occupied rung M1 M1 M1 M1

A citation names the corpus source satisfying the item; a parenthesised entry does not count towards

occupancy; —no corpus source. A model occupies the highest rung whose items, and all items beneath,
are satisfied.

9.3. Research Directions

Seven directions follow from the findings, each naming the change in practice

it requires.

D1: Make the regime the unit of reporting, and run the missing head-to-head.
Results should be stratified by sample size, dimensionality, split structure, feature type,
and cardinality instead of being collapsed into a leaderboard position; the infrastructure
exists [20,49]. Any claim of superiority should name both the regime in which it was
measured and the regime in which it was not tested. The one comparison the literature
still lacks pits TFMs against tuned GBDTs and parametric tabular-to-image hybrids on
the same small-N and high-d datasets under one tuning protocol. Both families claim
that regime, and neither benchmark includes the other [20,33].

D2: Report discrimination and reliability under one protocol. Probabilistic quality
should be evaluated on the same splits, context protocol, and compute budget as
accuracy, with proper scoring rules and coverage diagnostics [82,83]. Because the
two axes can move in opposite directions [77,78], reporting them separately hides the
trade-off where a practitioner needs it. Where recalibration is applied, its cost and its
effect on both axes belong in the result.

D3: Standardise and disclose the context and cost protocol. A shared minimum
description of what the model was given and what the prediction cost (context size and
sampling rule, group balance, ordering, preprocessing, schema exposure, adaptation
state, hardware, and total cost of prediction on the evaluated workload) would make
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the literature on context selection, fairness, and adaptation aggregable [46,65,66].
Figure 4 states such a minimum.

D4: Build contamination-controlled evaluation for real-data and language-mediated
models. Most comparison-bearing studies of a pretrained model report no contamina-
tion or leakage check (Table 11). Models pretrained on real or web-scale corpora need
evaluation resources whose overlap with the pretraining distribution is known: prove-
nance records, collections built after the pretraining cut-off, and explicit memorisation
probes of the kind that have already changed conclusions [21,80]. Synthetic-prior
models can answer the same question constructively by characterising the coverage of
the generated distribution [1].

D5: Extend the advantage beyond IID through priors and adaptation. Three routes
appear in the reviewed work: priors that encode temporal and grouped structure
instead of exchangeable rows, of which Drift-Resilient TabPEN is the first eligible
instance [76]; retrieval and context construction that select evidence appropriate to a
shifted target [12,66]; and adaptation to a deployment distribution at a stated cost [65,
68]. The order-aware prior experiment of H4 (Section 6.2) decides whether the non-IID
deficit is an objective mismatch or a missing re-fitting step; its temporal half now has a
developer-reported answer, which leaves the group-aware prior and an independent
replication open. Each route should be evaluated against the regime it targets, not the
IID suites on which the paradigm was established.

D6: Move to mechanistic and lifecycle-aware validation. Two kinds of evidence
are missing at opposite ends of the pipeline. The field lacks a predictive account of
when in-context tabular inference is sound. The Bayesian and mechanistic readings are
complementary but incomplete, and the ablations proposed for H2 and H3 would turn
regime dependence from a finding into a design tool [27,45]. And it lacks evidence
generated after deployment: performance tracked across drift, revalidation after model
or endpoint updates, and audit trails linking a decision to the artefact that produced
it. Until the latter exists, the top rung of the Evidence Ladder stays unoccupied by
construction.

D7: Evaluate under deployment budgets, and settle the distillation question. Two
changes would make the comparison of Section 7.3 empirical instead of structural. The
first is budgeted evaluation: accuracy reported at fixed memory, latency, and energy
ceilings on the class of device the application targets; the infrastructure for varying
the inference budget already exists in the leading benchmarks [20]. The second is the
comparison the distillation route implies: whether a compact model distilled from a
TFM outperforms a directly tuned compact model of the same footprint. No eligible
study reports such a comparison; an open implementation would settle the question.

9.4. Limitations

Four limitations bound what this review can establish, and each has a mitigation. First,
one author carried out screening, extraction, and scoring, so the grades are author-assigned
assessments rather than consensus judgements. The mitigations are those of Section 2.3:
printed dimension scores, stated coding rules, recomputable counts, and the sensitivity
analysis of Table 13. Second, identification- and screening-stage counts were not retained,
so the selection is documented as a structure rather than as a PRISMA-style flow [26], and
the routes are post hoc title classifications that cannot demonstrate the completeness of the
search. A mechanical classification rule any reader can rerun, the corpus composition of
Table 2, and the account of the evidence set aside under the peer-review criterion stand
in their place. Third, the eligibility criterion excludes preprint-only evidence, which in
this field includes some of the broadest regime-stratified results. Section 5.1 states what
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admitting it would change, and the affected analyses are re-examined whenever such a
work reaches a reviewed venue. Fourth, the eligible comparisons lean towards classification
and developer-affiliated evaluations, and the tabular-to-image coverage is concentrated in
one research group. Affiliations and dependency groups are recorded per source, separated
by the independence dimension, and counted once by the replication dimension.

10. Conclusions

This review asked where tabular foundation models hold a supported advantage over
established tabular learners. One criterion, reusable cross-table pretraining, separates them
from the per-dataset paradigms they compete with, and five interacting design axes decide
which comparisons are fair (Q1). Across the comparisons that meet this condition, the
data regime decides more than the architecture (Q2). TFMs match or exceed tuned tree
ensembles on small-to-medium IID tables when little tuning budget is available, whereas
tuned trees and deep networks keep temporal, feature-engineered data. Larger tables are
covered by developer evaluations and one independent clinical study. Grouped splits and
frozen use beyond the feature envelope remain untested, so no claim can be made there in
either direction. Tabular-to-image pipelines obey the same small-sample, high-dimensional
boundary and have not been compared with TFMs directly. Among the graded claims (Q3),
only the small-data claim is Strong. Training-free use is supported for accuracy but contested
for subgroup outcomes until context protocols are disclosed, the sufficiency of synthetic
priors is moderate, and the claims on predictive distributions, structured-task extensions,
language-model table predictors, and image encodings remain Preliminary. The evidence a
high-stakes deployment needs (Q4), a matched split, proper scores, a disclosed context,
and an account of cost, is seldom reported, and no reviewed model has post-deployment
evidence. In each broadening comparison assembled here, a wider evaluation narrowed
the estimated advantage. This remains a working hypothesis with stated counter-examples.
The Reporting Checklist and the Evidence Ladder let a study state what its result shows
and where it applies.
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//www.mdpi.com/article/10.3390/electronics15215156/s1, Table S1: The reviewed corpus, with the
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under the peer-review criterion: preprints and reports that meet a content criterion but have no peer-
reviewed version. References [1,2,7-25,27-35,44-80,84-88,92,93,99,100] are cited in the Supplementary
Materials.
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Abbreviations

The following abbreviations are used in this manuscript:

AUC area under the receiver operating characteristic curve
AutoML automated machine learning

CRPS  continuous ranked probability score
GBDT  gradient-boosted decision tree

ICL in-context learning

1D independent and identically distributed
LLM large language model

MLP multilayer perceptron

PEFN prior-data fitted network

SCM structural causal model

TFM tabular foundation model
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