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Abstract

Since the seminal work of TabPFN [16]], research on tabular foundation models
(TFMs) based on in-context learning (ICL) has challenged long-standing paradigms
in machine learning. Without seeing any real-world data, models pretrained on
purely synthetic datasets generalize remarkably well across diverse datasets, often
using only a moderate number of in-context examples. This shifts the focus in
tabular machine learning from model architecture design to the design of synthetic
datasets, or, more precisely, to the prior distributions that generate them. Yet the
guiding principles for prior design remain poorly understood. This work marks
the first attempt to address the gap. We systematically investigate and identify key
properties of synthetic priors that allow pretrained TFMs to generalize well. Based
on these insights, we introduce MITRA [1_1 a TFM trained on a curated mixture of
synthetic priors selected for their diversity, distinctiveness, and performance on
real-world tabular data. MITRA consistently outperforms state-of-the-art TFMs,
such as TabPFNv2 [[17] and TabICL [29]], across both classification and regression
benchmarks, with better sample efficiency.

1 Introduction

Tabular data lie at the core of many real-world applications, including healthcare, finance, e-commerce,
and the sciences [32]]. Predictive modeling on tabular data is central to statistical data analysis and
underpins decision-making systems across these diverse domains [14]. Tree-based models, such
as random forests, gradient boosting, and ensemble methods [3} [7], have long dominated tabular
predictions, due to their strong empirical performance and ease of use. However, these methods are
typically tailored to individual datasets, and they exhibit limited ability to transfer across different
distributions. Despite advances in transfer learning, a truly general-purpose approach to tabular
prediction has remained elusive, until the introduction of TabPFN [16].

Inspired by the success of large language models (LLMs), TabPEN and its follow-up works have
introduced the notion of tabular foundation models (TFMs) based on in-context learning (ICL) [16),
17,129,121 15]. These models are pretrained on synthetic tabular tasks, and they make predictions on
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Figure 1: Mixture of priors in MITRA, Generalizability Matrix G and Performance Vector P. We
consider three factors for good priors: (1) the performance of a pretrained TFM using data generated
solely from that prior on real tabular data (Point 1 and P); (2) its diversity and (3) distinctiveness
when included in a mixture (Points 2 and 3, captured by the diagonal and off-diagonal entries of G).
This leads to our mixture comprising SCM, gradient boosting, random forest and decision tree priors.
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real downstream tasks by conditioning on labeled training samples from the downstream tasks as
in-context examples. Synthetic data, generated on-the-fly during pretraining, provides broad task
coverage and enables adaptation, without the need for large amounts of real-world downstream data.

While most previous TFM efforts focus on architectural innovations [24, 9, 29], we advocate that
greater attention should instead be on the design of the data priors—the distributions used to generate
the synthetic datasets. Existing work typically relies on fixed or heuristic data priors [29} [16} 17} 2} |5],
leaving fundamental questions open. For example: What makes a synthetic data prior effective? How
should one construct a mixture of priors for better generalization?

In this paper, we investigate these questions, with the goal of identifying key properties of synthetic
priors used for pretraining TFMs. Our findings sharpen a vague rule of thumb that “diversity of
the prior is important.” We show that the effectiveness of a synthetic prior depends on: (1) the
performance of a TFM pretrained solely on data generated from that prior, when evaluated on real
tabular data; (2) its diversity, i.e., how difficult it is for a TFM pretrained on this prior to overfit on
its own distribution; and (3) distinctiveness within a mixture of priors, i.e., how hard it is for data
generated from this prior to be predicted by TFMs pretrained on other priors. See Figure [I] for a
simplified illustration.

Based on our insights, we construct a mixture of synthetic priors that consists of structural causal
models (SCM) [16] and tree-based priors (TBP), including gradient boosting, random forest, decision
tree, and extra tree models. We choose SCMs because we show that they are diverse and achieve
the best standalone performance on real tabular datasets. We choose TBPs because we identify that
TFMs pretrained with data from SCMs do not always generalize well to all types of data generated
from TBPs, showing the distinctiveness property of TBPs.

Our mixture of priors enables effective coverage of the diverse distributions in real-world tabular data.
Notably, our priors are model-agnostic, and they consistently demonstrate performance improvement
for both row-based 1D attention [16, [2] and more advanced element-based 2D attention architec-
tures [[17,15]. Building on the 2D attention architecture, we propose MITRA, a TFM pretrained with
our mixture of priors that obtains state-of-the-art (SOTA) results. MITRA outperforms existing TFMs,
e.g., TabPFNv2 [17]], TabICL [29]], and other strong baselines, on both classification and regression
tasks. Additionally, MITRA models pretrained with our prior mixture demonstrate better sample
efficiency, i.e., they consistently have stronger performance with fewer in-context examples. This
highlights the benefits of our principled prior mixture analysis.

We summarize our major contributions as follows:

* Characterize Key Factors for Good Priors. We conduct the first principled analysis of how to
combine various synthetic data priors for TFM pretraining, and we identify three key factors for
good priors: performance, diversity and distinctiveness.

* Construct Effective Mixture of Priors. Following our analysis, we construct a novel and diverse
mixture of synthetic priors that is effective and model-agnostic.

* Build SOTA TFM with Prior Mixture. We propose MITRA, a TFM pretrained using our mixture
of priors. MITRA sets a new SOTA on both classification and regression tasks. MITRA outperforms
strong baselines across three major benchmarks—TabRepo [30]], TabZilla [25] and AMLB [L1]—
and it demonstrates better sample efficiency, given fewer in-context examples.
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2 Related Work

Traditional and Deep Learning-Based Tabular Models. Historically, the tabular domain has been
mainly dominated by traditional statistical methods, most notably gradient boosting (GB) decision
trees, e.g., XGBoosB], LightGBM [20], and CatBoost28]. These methods are widely adopted

in practice due to their strong performance, robustness, and interpretability. To further improve
generalization and automation, ensemble-based systems (e.g., Auto@uconibine multiple base
learners and automatically optimize hyperparameters and stacking strategies. More recently, deep
learning-based approaches have been proposed to model complex and rich interactions in tabular
data B1,[19,[13,[12]. For example, RealMLF1g] introduces an optimized multilayer perceptron
(MLP) architecture, tuned over a broad set of meta-benchmark datasets. While both traditional
statistical methods and neural networks remain competitive on many real-world benchmarks, they
require retraining from scratch for each new dataset, and they struggle to generalize across different
distributions. This need for repeated per-dataaining poses scalability challenges and limits model
reuse in real-world applications.

TFMs: Semantically-Rich Models. Recent work has explored adapting LLMs to structured data

by serializing tables into text. TabLLNLE], GTL [34], and TabulaL0] enable zero-shot or few-shot
inference by formatting rows and tasks into promptable inputs. TP-BEB[gfopose a pretrained
language model tailored for tabular prediction tasks, with relative magnitude tokenization and intra-
feature attention mechanism. Beyond text serialization, several approaches focus on non-textual
pretraining by leveraging cross-table techniques. These include independent feai@gzenoflular
encodings with multi-task masked reconstructiBi][ and prompt masked table modelingfy.

CARTE [2]] leverages pretraining on knowledge graphs and column-level metadata to facilitate
downstream tabular tasks. These methods often rely heavily on semantic metadata (e.g., column
names or textual descriptions), curated schemas, or large-scale real corpora. This dependence limits
their applicability in settings where this auxiliary information is unavailable or unreliable, and it may
require expensive inference costs in practical deployments due to their reliance on LLMs.

TFMs: ICL-Based Models. A complementary line of work frames tabular prediction as an ICL
task, where models are pretrained on synthetic or real datasets and downstream datasets are used as
in-context examples. These efforts primarily focus on two directions: (1) designing better data priors;
and (2) improving model architectures. In the rst direction, TabPEB] [ntroduces this paradigm

by pretraining a TransformeBg] on SCM-generated synthetic data to simulate ICL for tabular
classi cation problems. TabDP2B] extends this approach by incorporating real datasets during
pretraining. Several subsequent models—including TabForesfBlFAtfic [5], and TabICL R9—
combine tree-based priors with SCMs for synthetic data generation. Speci cally, TabForestPFN and
Attic mix SCMs with decision trees, and TabICL combines SCMs with XGBoost. These approaches
adopt tree-based priors in a heuristic manner, without explaining why incorporating these priors is
bene cial. In the second direction, Atti&] introduces an element-based attention mechanism, which
treats each cell (rather than every row or column) in a table as a separate token in the Transformer.
TabPFNv2[L7] adopts a similar element-wise Transformer architecture, and it further improves
scalability and generalization by re ning the synthetic prior distributions. More recently, TalgJL [
proposes a two-stage architecture to rst build xed-dimensional embeddings of rows, followed by
an ef cient attention mechanism for ICL. Recent efforts have also explored how to scale ICL through
compressing prompts, selecting informative contexts [0, 35, 24] and hypernetwarks [26, 1].

3 MITRA: TFM Pretrained on a Mixture of Priors

In this section, we describe how we characterize effective priors with the following three criteria: (1)
strong performance on real datasets; (2) diversity; and (3) distinctiveness within the mixture. These
characteristics together lead to the development of a new SOTA TRWVRM

3.1 Data-Generating Priors

To pretrain a TFM on purely synthetic data in the supervised tabular learning setting, a data-generating
prior G takes as input uniformly randomly generated hyper-parameters, e.g., feature size, number of
samples, class count (for classi cation tasks), and categorical feature count; and it outputs a dataset

DO = £(x{;y{")g\L, . This dataset consists b, feature-label pairs, whesd,’ 2 RY denotes a
d-dimensional feature vector with continuous or categorical attributesy,%ﬂ Y Z denotes the
corresponding target label for a classi cation taskyﬁ} 2Y Rthe target value for a regression



Table 1: Three factors of prior importance. Each ed@ry in the Generalizability Matrix represents

the AUC of a TFM pretained on data generated fignand evaluated on data fro@ . Each element

P; in the Performance Vector corresponds to the AUC of a TFM pretained on datarand
evaluated on a real-world dataset. We use a color gradient to visually indicate the relative quality of
each prior. The best/worst-performing priors are shown in the darkest green/red.

task. The entire dataset can be represented as a two-dimensional matrRAameRN: 4+
(See Appendix A.1 for details on problem settings and preliminaries.)

In MITRA, we propose to use a mixture b data-generating priof&; gM, . Concretely, we include
the following types of priors: structural causal models (SCMs); and tree-based priors (TBPS).

SCM. The data-generating prioGscy, Which was originally introduced in the pretraining of
TabPFN [L6], is capable of capturing causal relationships among columns observed in tabular
data. Moreover, SCMs model both feature dependencies and the conditional distnifyjion To
sample a datas& from Gscy, a directed acyclic graph (DAG) is rst randomly constructed, after
which the featureg and targey are generated in a sequential manner, following the conditional
dependencies de ned by the DAG structure.

TBP. The data-generating tree-based pri@sp, consist of trees and ensembles of trees, which are
known for their strong predictive performance on tabular tasks and which are commonly used to
model decision boundaries in tabular data. TBPs primarily focus on mod#ljfg) using complex
threshold-based splits, with ensemble trees helping to smooth the resulting axis-aligned decision
boundaries. In this work, we considést, Ge1, Gog, andGyg, where DT, ET, GB, RF refer to
decision tree, extra tree, gradient boosting, and random forest, respectively. To use these models as
data generators, they are rst t on a synthetically generated training dataset, after which features
are sampled from a simple distribution (e.g., multivariate standard normal) and taayetslrawn
according to the learned conditional distributify j x). (See Appendix A.2.1 for additional details

on the data generation process.) We group these priors together, and we refer to them as “indirectly
sampled” priors. In addition, we introduce a custom “directly sampled” RF pBigykr, that does

not require model tting. Instead, it directly constructs random conditional distribufy$ x) by
sampling random split indices and thresholds. (See Appendix A.2.2 for details on each of the priors.)

3.2 Prior Mixture Promoting Diversity and Distinctiveness

Here, we provide an in-depth study on characteristics of effective miGlre fG%M, of M©
data-generating priors fro® = fG;gM, , whereM® M. We rst pretrainM models on data
from each candidate prior, and we evaluate them across priors to construct a generalizability matrix
G 2 RM M 'where the rows o6 denote the model pretrained on draws frGmand the columns
denote the test data generated on draws Bnwith G denoting the metric value. We also evaluate
theseM models on real-world datasets to form a performance vé&tt®rRM , whereP; denotes
the performance of a model pretrained on data f@rand evaluated on these real datasets. We nd
three key factors when characterizing good priors:R@jformance, quanti ed by a higher value

of P;; (2) Diversity, quanti ed by a lower diagonal valué ; , which indicates greater dif culty

in over tting to the same prior; (3Pistinctiveness quanti ed by a lower off-diagonal valug;; ,
which shows how well a model pretrained @nperforms on data frongg. More speci cally,
given a current mixtur&’, the maximum of the off-diagon&j; in thej th column fori such that

G 2 GPis a measure of the distinctiveness®@f Then, adding the prio§ with the smallest
maximum, i.e.miny j m Max: i m;c2c0Gj , increases the coverage of the mixture. Ultimately,
prior importance balances performance and diversity.



Figure 2: MTRA Pipeline: Model agnostic visualized with either 1D or 2D attention.

Table 1 provides an illustrative example using the AUC metric of how these three factors help explain
the prior importance ndings in our ablation study in Table 6 (below; see Appendix C.1 for similar
ndings in other aggregated metrics). We see Baty is of high quality due to both diversity (low
diagonal valugs i ) and strong performance on real datagetdnterestingly, whileGysge ranks
second in performance dh, the third best performing pridgt shows higher quality based on its
ability to increase the diversity and distinctiveness, as validated in Table 6. For diversity, the diagonal
of Gosrris signi cantly higher than the diagonal @&+ (0:984vs. 0:871). For distinctiveness, the
off-diagonals in the SCM row o measure how much unique information is added from the next
prior. We see that the model pretrained w8 predicts on test data drawn froBysrg Signi cantly

better than that frong=1 (0:960vs. 0:751), showing thata=r has higher distinctiveness.

3.3 Pretraining TFM on Prior Mixture

We use the insights frclgn t?e prior subsection to assign weights each prior in the mixture

Q= fG%M, , subjectto M, w; = 1. During pretraining, we sample generat@¥proportional to

w;, and we generate synthetic datasets for pretraining. Given a sample®taoleom a generator

@ in the mixtureG’, we randomly sub-sampkeentries as the support set or in-context examples
andg entries as the query samples. We then optimize the likelihood over the masked query labels:
L = Ep[logp (quyl:qryqjxsug:sug ; Ysup :sup s Xary, ary, )]: Algorithm 1 in Appendix A.3 summarizes

our synthetic prior generation procedure. We present more pretraining details in Appendix B.3.2.
Figure 2 illustrates the overdil ITRA model pipeline with two popular architectures: one-dimensional
row-wise attention16, 2], and two-dimensional element-wise attentié&n17]. Our priors are model-
agnostic, and we demonstrate their effectiveness across both architectures in the next section.

4 Empirical Results

In this section, we show tha ITRA achieves SOTA performance on both classi cation and regression
tasks (Section 4.2). We demonstrate thlarRA is model agnostic and consistently improves the
performance with both 1D attentioM(TRA 1D) and 2D attention architectures (Section 4.3).
Furthermore, we highlight11TRA's better sample ef ciency (Section 4.4), strong performance when
combined with advanced ensembling techniques (Section 4.5), and strong ne-tuning performance
(Section 4.6). We also conduct an ablation study to quantify the importance of each prior (Section 4.7),
which supports our ndings in Section 3.2. Finally, we analyze the scaling law with respect to both
model size and synthetic dataset size (Section 4.8). See Appendix B for additional experimental
setting details and Appendix C for additional experimental results.

4.1 Experimental Settings

Datasets.For the classi cation task, we compak&i TRA on three established 10-fold benchmarks:
TabRepo 80]; Tabzilla [25]; and AutoML benchmarksl[l]. We additionally evaluate on a concurrent
benchmark TabArengB] in Appendix C.4. For the regression task, we compare on the 10-fold
TabRepo 0] benchmark. We evaluate boMITRA and its varianMITRA 1D that is trained on

a 1D attention model with the same mixture of priors. To compare with 1D models, e.g., TabPFN
that support features up to 100, and 2D models, e.g., TabPFNv2 that support features up to 500,
we evaluate on both small-feature and large-feature benchmarks. For the small-feature benchmark,
we use 66 TabRepo classi cation datasets, 75 TabZilla classi cation datasets, and 10 TabRepo
regression datasets, that have up to 3,000 rows and 100 features following Tal#p.FT¢ [evaluate



Table 2:MITRA wins on all three classi cation benchmarks (We show the overall merged results
and detail the separate benchmark results in Appendix C.4, i.e., Table 13 (TabRepo), Table 14
(Tabzilla), Table 15 (AMLB) due to space limits). Winner/runner-up ir . +e means ensembling

in ICL, and +f means ne-tuning. Th85%con dence interval is shown in parentheses for the Elo.
Aggregated metrics show mean and std (shown in parentheses) of the corresponding metric.

Model \ Ranking Metrics \ Aggregated Metrics
| Avg. Rank # Elo " Winrate© RAcc" C #| AUC" ACC " CE #

MITRA (+ef) 7.2 1136(+4/.4) 0.69 0.82 20.1 0.905(0.124) 0.858(0.143) 0.328(0.317)
Attic (+ef) 7.4 1128 (+4/-4) 0.68 0.81 21.7 0.903(0.125y 0.857(0.143) 0.332(0.317)
TabPFNV2 (+€) 8.0 110%414) 0.65 08 233 | 090%i1s 0856014  0.3380s1s)
TabPFNV2 (+&f) 8.6 108544749 0.62 076 253 | 0.8970120) 0.846015  0.3630241)
TabICL (+e) 9.5 10531.4/.4) 0.58 0.75 30.9 0.88Qo_14) 0.8360_15) 0.367(0_323)
MITRA (+e) 9.7 104@3/.3) 0.57 0.73 31.2 0.8960.131) 0.847(0.148) 0-3Q0,328)
TabPFNv2 9.8 10434/3) 0.56 073 292 | 0.89%913 0.8460147  0.3520300)
Attic (+e) 9.9 1037+4/—3) 0.55 0.73 31.8 0.8960_13) 0.84&0_143) 0.3640_323)
TabICL 10.6 1015414 052 07 335 | 088411 08320152  0.3740323)
MITRA 10.6 101@4/.4) 0.52 0.69 32.9 0.89](0.134) 0.84](0.15) 0.3680.33)
MITRA 1D (+f) 11.2 99%4/,4) 0.49 0.68 345 0.8930_13) 0.8420_15) 0.367(0_331)
Attic 11.2 99%.3/.4) 0.49 0.68 35.2 0.8840_139) 0.8340_155) 0.3760_332)
CatBoost 11.3 98&4/.4) 0.48 0.67 35.7 0.88&0.133) 0.837(0‘15) 0.3750.324)
TabForestPFN (+f) 11.6 98@4/.4) 0.47 0.65 35.3 0-8860.136) 0.840_143) 0.377(0_331)
RealMLP 12.2 95G+41.4) 0.44 062 354 | 0.87801 0.8270164y 0.41%0204)
XGBoost 13.1 92@.4/.4) 0.4 0.58 39.5 0.88?(0_133) 0.83?{0_149) 0.38&0_323)
LightGBM 13.4 91 eara) 0.38 056  39.8 | 0.876p1 0.82%.1s  0.3930.38)
Random Forest 13.7 90%.4/.4) 0.36 0.54 44.1 0.874[)_14) 0.8220_152) 0.47](0_423)
MLP 13.7 90%+41.4) 0.36 051  40.1| 0.8690ws  0.8%0161  0.4140340)
MITRA 1D 14.0 894...4/.4) 0.35 0.55 42.5 0.86Q0,143) 0.8150,153) 0.4140,351)
TabForestPFN 14.3 88@4/.4) 0.34 0.52 42.6 0.8640.153) 0.8140.157) 0.4140.353)

on large-feature benchmarks, we use 29 classi cation datasets from AMLB benchmark with up to
10,000 rows and 500 features. This is consistent with the evaluation protocol of TabPEjWA/¢
provide the dataset IDs in Appendix B.1.

Baselines.We compareM ITRA with both SOTA TFMs (TabPFNv21[7], TabICL [29], Attic [5],
TabPFN [L6], TabForestPFNZ]), and competitive classical and neural baselines requiring dataset-
speci ¢ tuning (RealMLP 18], AutoGluon [7], LightGBM [20], XGBoost [3], CatBoost 8],

MLP [7]). For the latter, we use their bagged version implemented in AutoGluon 1.3.

Metrics. For classi cation tasks, we report aggregated metrics including AUC-ROC (AUC), accuracy
(ACC) and cross-entropy (CE). For regression tasks, we regoro@t mean squared error (RMSE),

and mean absolute error (MAE). Aggregated metrics can be disproportionately in uenced by a small
number of datasets with extreme performance, as noted in prior B6fk To address this, we
complement these metrics with more robust and comprehensive rank-based metrics that better capture
relative performance across datasets: average rank6Eleifirate, rescaled accuracy (RAcc), and
champion delta (C). We provide the de nitions of these metrics in Appendix B.2.

Evaluation Protocols. For TFMs includingMITRA, we evaluate the following three settings: (1)
in-context learningICL) performance; (2)CL with ensemblingechniques of feature shufing,
class order shufing and random feature transformatidi’s 29, denoted as “+e” in the following
sections; and (3ne-tuning that continues training the model on the training set of the target data,
denoted as “+f” in the following sections. We use “bagging” to describe ne-tuning with bagging
ensemble, and we show its advanced ensemble performance in Section 4.5.

4.2 MITRA achieves SOTA classi cation and regression performance

Classi cation. We merge the three classi cation benchmarks and keep a unique set of 137 datasets
to report an overall ranking and aggregated performance in Table 2. Detailed method con gurations
and individual benchmark results on TabRepo (Table 13), TabZilla (Table 14), and AMLB (Table 15)
are provided in Appendix C.MMITRA wins in the overall results and across all three benchmarks
with varying feature dimensionality or sample size, and it consistently achieves the best performance
with ne-tuning and ensembling, across both ranking-based and aggregated metrics. Notably, the ICL
performance of MrrA closely matches that of TabPFNv2, despite being pretrained on a maximum
of 16 features (one-tenth of the maximum pretraining features in TabPFNv2), which showcases the
strong generalizability of our priors.



Table 3:MITRA also demonstrates better performance with 1D attention model, showing that our
priors aremodel-agnosticWinner/runner-up in shades of gre=h . The95%con dence interval is

shown in parentheses for the Elo. The columns in the aggregated metrics are mean and std (shown in
parentheses) of the corresponding metric.

Ranking Metrics | Aggregated Metrics

Model ‘

| Avg. Rank # Elo " Winrate " RAcc" C #]| AUC" ACC " CE #
MITRA 1D (+f) 3.0 1057(+7/—7) 0.6 0.68 16.5 0.886(0_135) 0.835(0_155) 0.38(0_349)
TabForestPFN (+f) 3.2 1038u7) 056  0.64 188 | 087801 083201 039033
TabPFN (+e) 34 101%.5/.7) 0.52 0.6 24.4 0.8620_155) 0.80Q0_17) 0-4130.346)
MITRA 1D 3.7 97%6/-6) 0.45 0.53 27.2 0.8650.147) 0.8140.164) 0.417(0.343)
TabPFN 3.8 97Qu716) 0.45 0.53 26.3 | 0.8801ss  0.808017  0.426040)
TabForestPFN 3.9 9514.7/,5) 0.42 0.49 27.7 0.85Q0_159) 0.8](0_169) 0.41Q0_34g)

Table 4:MITRA wins on TabRepol0-fold regression benchmark. Winner/runner-up in shades of
green / . +e means adding ensemble in ICL, and +f means adding ne-tuning.

Ranking Metrics | Aggregated Metrics

Model ‘

| Avg. Rank # Elo " Winrate " RAcc " C  # | R2" RMSE # MAE #
MITRA (+ef) 43 1140 201.20) 0.7 082  10.9 | 06360306 240127470003 1351.1%0089)
TabPFNv2 (+e) 5.1 1090 +22/-18) 0.63 0.72 12.7 0.61%0332)  2374.557495.47)  1304.54(3060.35)
RealMLP 5.8 104419200  0.56 07 16 | 0.627030s 2424.3%s74s7  138557200s0)
CatBoost 5.8 10441921y  0.56 069 157 | 0.6290s0ny 2465.097115 1444.57s367)
TabPFNv2 (+ef) 6.1 102%—18/718) 0.53 0.62 15.5 0.60Q0_335) 2372.76(7513_58) 1295.3@936 25)
MITRA (+€) 6.4 1008:19/-21) 0.51 0.63 19.5 0.6040.311) 2469.127922.80) 1372.4%166.35)
TabPFNv2 6.4 10081021y  0.51 059 159 | 0.60%asm 24368670076  1337.64u0ss 73
XGBoost 6.7 989:19/-18) 0.48 0.62 18.2 0.6280.208) 2572.8Q7975.02) 1573.52767.09)
LightGBM 6.8 984.+19/-19) 0.47 0.61 20.3 0.6290.289) 2665.9(8218.40) 1571.6&762.81)
MITRA 7.1 9634191.20) 0.44 059 206 | 059937  2465.0%ms575 1387.3%21402)
MLP 8.1 904 201-20) 0.36 0.5 223 | 0595038  2778.6Gsras7e  1557.7kar2035)
Random Forest 9.4 804&2/.22) 0.23 0.32 27.9 0.5850_319) 2797-3%626.88) 1705.4%151 03)

Regression We evaluate on TabRepo regression datasets (TabI¥4)RA again demonstrates the
best performance across the various metrics, showing that our mixture of prior is task-agnostic.

4.3 MITRA priors are model agnostic

As shown in Table 3, when pretrained with the same mixture of pridrsRrA 1D also outperforms

other 1D attention-based counterparts, e.g., TabPFN and TabForestPFN, which rely on less diverse
priors. This highlights that our mixture of priors is model-agnostic and can consistently enhance
performance across different architectures. Note that TabForestPFN does not offer native ensemble
logic, and TabPFN does not offer native ne-tuning logic. We report results under the capabilities
available in the respective baselines to ensure a fair comparison.

4.4 MITRA is more sample ef cient

We compare the sample ef ciency MITRA against leading TFMs, i.e., TabPFNv2 and TabICL, in
Table 5. We down-sample the number of ICL examples of TabRepo classi cation benchmark to 10%,
25%, 50%, and 75% of the original size, aMdTRA consistently achieves better performance with
ensemble and ne-tuning. We demonstrate in Appendix C.2 that such improvement can be attributed
to the increased diversity of priors in the mixture, which enhances the model's ability to generalize
from limited data.

4.5 MITRA shows the best performance with advanced ensembling techniques

To further boost performance, we implement a bagging-based ensemiafan, denoted as
MITRA (bagging). Speci cally, we ne-tune a separd® TRA instance for each fold of an 8-fold

(strati ed) cross-validation ensembl2Z], and we aggregate their predictions via uniform averaging

at test time. This allowMITRA to bene t from both data-level diversity and model-level robustness.
While cross-validation ensembles are widely used for achieving top performance with classical
tabular modelsT], to the best of our knowledge, our work is the rst to demonstrate cross-validation
ensembles for ne-tuned TFMs. We compadveTRA (bagging) against the strongest ensemble
methods reported in previous works on TabRepo: the Post-Hoc Ensemble (PHE) of TabPFNv2, and
the AutoGluon 1.3 best quality preset, which combines a diverse set of classical and neural tabular



Table 5: MTRA shows better sample ef ciency. Winner in shades of grren

Ranking Metrics \ Aggregated Metrics

Model ‘

| Avg. Rank # Elo " Winrate © RAcc" C #]| AUC" ACC " CE #
MITRA (dS=1) 4.2 1234(+8/-8) 0.77 0.88 13.7 0.882(0_125) 0.84(0_152) 0.36(0_361)
TabPFNv2 (ds=1) 45 1217719 0.75 087 163 | 0.87Q127) 0838016z  0.3720361)
TabICL (dSzl) 5.6 114@7/.7) 0.67 0.82 25.4 0.85&0_145) 0.8160_171) 0'4060-369)
MITRA (ds=0.75) 53 1163177, 0.69 084 203 | 08760010 0.8350165 0.371 (0300
TabPFNv2 (ds=0.75 55 1155./7) 0.68 0.83  21.9| 0.8721as 0.832165  0.3840305)
TabICL (ds=0.75) 6.7 108%.717) 0.59 077 296 | 0852015  0.8lo17z  0.4190a72
MITRA (dS=0.5) 6.7 1083(+7/—7) 0.59 0.78 28.3 0.868(0_135) 0.827(0_163) 0.388(0_372)
TabPFNv2 (dS=05) 6.9 107247/-8) 0.58 0.77 29.4 08640138) 08240158) 040](0369)
TabICL (dS:OS) 7.9 101%7/.7) 0.51 0.72 349 0.8440.145) 0-79Q0‘176) O.43Q0,375)
MITRA (dS:025) 9.4 923(+7/_7) 0.4 0.64 41.1 0.849(0'143) 0.808(0.174) 0.43 (0.378)
TabPFNv2 (dS:0.25 9.6 912,..7/.7) 0.39 0.62 42.8 0.8430,147) 0.8020‘178) 0.44](0_372)
TabICL (ds=0.25) 105 85%.5/.5) 0.32 056 463 | 081915 0.77601sy  0.48703s)
MITRA (ds=0.1) 121 740 ror0) 0.21 036 541 | 08080151 0.771015 05150377
TabPFNv2 (ds=01) 12.4 71%9/.10) 0.19 0.33 55.1 0.80](0_156) 0.7640_132) 0.5190_375)
TabICL (ds=0.1) 127 689101.10) 0.16 0.24 56.8 | 0.7770153  0.74%01s2)  0.56%0384)

Figure 3: Mitra (bagging) shows the best performance compared with TabPFNv2 PHE, AutoGluon
best-quality and Mitra (+ef) across 300- to 3600-second budgets on 1-fold TabRepo benchmark.

models. As shown in Figure 3, across different training budgets from 300, 600, 900 and 3600 seconds
per datasetVlITRA (bagging) consistently outperforms both TabPFNv2 PHE and the AutoGluon
ensemble, demonstrating the best performance with advanced ensembling techniques in the most
competitive settings. Table 16 reports more details on ranking and aggregated performance over the
uni ed classi cation benchmark.

4.6 MITRA shows the best ne-tuning performance

We compare the combined ne-tuning and ensemble performaniggA with TabPFNv2, TabICL,

and Attic on TabRepo as a function of the number of estimators in the ensemble. As shown in Figure 4,
MITRA consistently shows better ne-tuning performance across various ensemble sizes. Fine-tuning
and ensembling of TabPFNv2 barely improves their ensemble-alone perforfaritely reason for

the strong gains from ne-tuning iMITRA is that it is pretrained with a maximum of 16 input features,

so that adapting to downstream datasets with larger feature spaces provides substantial bene ts. We
also hypothesize that more diverse priordMinTRA contribute to its ne-tuning effectiveness, as

they enable the model to generalize from a broader set of inductive biases, making the model more
generalizable and adaptable to task-speci ¢ ne-tuning.

Figure 4: MTRA shows signi cantly better ne-tuning performance across ensemble sizes.

4.7 Prior Importance Ablation Study

We systematically study the importance of each prior inkh&rA prior mixture by iteratively
adding the best-performing prior at each step. (See Appendix C.3 for details.) Table 6 presents
several key ndings that support and extend the analysis in Table 1 from Section 3.Rotfl)
diversity and performance on real datasets are important Among all priors, data generated from

2We veri ed the correctness of the TabPFNv2 ne-tuning procedure via communication with its authors.



Table 6: TabRepo 10-fold classi cation ablation study on the effect of each prior in the mixture
consisting 060% SCM and50% TBPs with equal weighting. Th@5%con dence interval is shown

in parentheses for the Elo. The columns in the aggregated metrics are mean and std (shown in
parentheses) of the corresponding metric. Note that SCM + DT is a variant of Attic [5].

Model | Ranking Metrics | Aggregated Metrics
Avg. Rank # Elo" Winrate * RAcc" C # AUC" ACC" CE#
9

RF 159 815710 025 038  428| 083w 07820177  0.52koass
DT 15.4 84Q.6.7) 0.28 043  420| 0839148 0.79%0177  0.5230s3)
GB 15.0 855.010) 0.3 052 383 | 0843147 0.79%o1m  0.50k.4ss
ET 143 88%61.6) 0.36 058  36.2| 0.8470149 0.8030165y  0.5030570)
DSRF 13.9 899.010) 0.36 058  345| 084914 079175 04730410
SCM 1.1 100Q51.) 05 068  255| 0.85fo1z 08120170 0.4160378
SCM + RF 10.9 100951, 05 071 252 08580143 0816017y 04130374
SCM + DT 10.3 1025.515) 053 073  245| 0861 0.81G0ss 04120350
SCM + GB 10.2 1028:6/-5) 0.54 0.73 22.3| 0.859.142) 0.8170.172) 0.41%0.372)
SCM + DSRF 9.4 1058:¢/.5) 0.58 0.75 21.3| 0.8620.140) 0.8190.171) 0.4070.371)
SCM +ET 9.3 106355 059 075 207 | 0.866013 0.82301c5  0.3980s71)
SCM + ET + DT 10.2 102855 0.54 0.74 22.4| 0.869(.129) 0.8240.168) 0.4030.371)
SCM +ET +RF 9.9 104265 056 075  22.4| 0870019 0.82%u6s  0.40k03s0)
SCM + ET + DSRF 9.6 105Q:5/-5) 0.57 0.74 22.1| 0.86Qo.139) 0.81%0.172) 0.41Qo.373)
SCM +ET +GB 8.9 1076456 0.6 077 209 | 0870010 0827016 0.396030s
SCM +ET + GB + DSRF 9.7 104600y 056 073  222| 086Qoiz 0817017y  0.4080300)
SCM+ET + GB + RF 9.6 105Q:6/-6) 0.57 0.75 22.2| 0.8680.131 0.8230.167) 0.4030.367)
SCM+ET+GB+DT 9.4 105%¢/-5) 0.58 0.76 211 0.870(0.130) 0.826(0.165) 0.3970.369
SCM +ET + GB + DT + DSRF 95 1053.5/5) 057 075  22.9| 0859149 08130172 041k
SCM + ET + GB + DT + RF 9.3 1062+6/-5) 0.59 076 215 | 0.86G013s) 0.8230167)  0.4020.369)
SCM+ET +GB + DT + RF + DSRF ‘ 9.3 106246y 059 077 214 ‘ 08680135  0.8220165  0.4030369)

(MITRA)

Gscwm shows the highest importance, aligning with its high entry in the performance vector and low
diagonal in Table 1. In contrast, despite being the second-best stand-alon&gigcontributes

the least when added to the mixture, due to its high diag@@84) and strong overlap with other
priors (off-diagonals> 0:96). On the other hand, whilégr exhibits low overlap (lowest diagonal

of 0:761and off-diagonals ifi0:708, 0:768), it also shows the worst performance on real datasets,
as indicated by the performance vector, thus explaining why it is not as bene cial in the mixture.
(2) Our mixture of priors promotes complementary strengths and improves generalization.

We observe that combininGscy With every tree-based prior improves over either alone, which
emphasizes the importance of a prior mixture. In particular, we see that com@iringth Gscm

signi cantly boosts performance, yielding an Elo improvement of 63. This supports the ndings
in Table 1 that addingeT into the mixture is effective since it is both diverse, as measured by its
lower diagonal Q:871), and distinctive, as measured by its low off-diagonal in the SCM @W&&1).
Similarly, we see that addinGgg to the mixture further improves the performance. Adding the
remaining prior<spt, Gosrr, Grr leads to a few con gurations with similarly good performance on
real datasets. This aligns with our ndings in Table 1 that they are less important due to either lower
performance on real datasets or higher diagonal or off-diagonal values. We choose to include these
priors in the nal mixture to represent a more complete family of tree priors. Moreover, including
them in the full mixture improves sample ef ciency (See Appendix C.2 that SMMWRA is more
sample ef cient tharfGscw; Get; Gesg (MITRA-Mix2) and Attic [5].)

4.8 Scaling Behavior for TFMs

Beyond prior construction, two critical factors in uencing pretraining are the model size and the
amount of training data. We investigate their respective scaling behaviors in Figure 5, by evaluating
the performance on TabRepo given different model sizes and varying amount of pretraining data.
Speci cally, we vary the model depth across 6 con gurations (4, 8, 12, 16, 20, 24 layers), all
pretrained with the same on-the- y generated mixture priors. Fontbdel sizescaling law, we
observe that larger models achieve better performance in early training stages and also converge to
higher nal accuracy. However, performance gains begin to saturate beyond 12 layers, indicating a
trade-off between model capacity and computational ef ciency when selecting the appropriate model
size. Regarding theample sizacaling law, we nd that performance improves rapidly in the early
stages and then gradually plateaus, with diminishing returns after approximately 18K steps. In our
setting each step involves 2,048 new synthetic datasets, so this suggests the model saturates after
encountering around 37 million unique datasets.



Figure 5: Model size scaling law. We vary the model size across six con gurations (4, 8, 12, 16, 20,
and 24 layers), each pretrained on 45 million unique samples. The plot zooms in on pretraining steps
beyond 2,000 to provide a clearer view of performance trends. A larger version focusing only on this
zoomed-in region is provided in Figure 25 in Appendix.

5 Conclusion and Discussion

Conclusion. We provide the rst systematic investigation into the role of synthetic priors in pre-
training TFMs, demonstrating how prior effectiveness depends on both its standalone performance
on real tabular datasets as well as its diversity and distinctiveness within a mixture. Based on our
analysis, we construct a diverse, high-performing, and model-agnostic mixture of synthetic priors.
Leveraging this mixture, we develdpITRA, a SOTA TFM that consistently outperforms existing
TFMs and other strong tabular baselines, across both classi cation and regression tasks. Limitations
are discussed in Appendix Broader Impact. Our work advances the understanding and design of
synthetic data for pretraining foundation models in structured domains, reducing the need for costly
real labeled data and reducing privacy risks associated with training on sensitive real-world records.
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NeurlPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately re ect the
paper's contributions and scope?

Answer: [Yes]

Justi cation: Our paper proposes a mixture of synthetic priors that leads to a state-of-the-art
tabular foundation model, which is re ected in the abstract and introduction.

Guidelines:

» The answer NA means that the abstract and introduction do not include the claims
made in the paper.

» The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

» The claims made should match theoretical and experimental results, and re ect how
much the results can be expected to generalize to other settings.

« Itis ne to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justi cation: We discuss the limitations in Section D.
Guidelines:

» The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-speci cation, asymptotic approximations only holding locally). The authors
should re ect on how these assumptions might be violated in practice and what the
implications would be.

» The authors should re ect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

The authors should re ect on the factors that in uence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

» The authors should discuss the computational ef ciency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

» While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren't acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be speci cally instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justi cation: Our paper does not involve new theoretical results.
Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justi cation: We provide detailed experimental settings in Section B.
Guidelines:

The answer NA means that the paper does not include experiments.

If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of

whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken

to make their results reproducible or veri able.

Depending on the contribution, reproducibility can be accomplished in various ways.

For example, if the contribution is a novel architecture, describing the architecture fully

might suf ce, or if the contribution is a speci ¢ model and empirical evaluation, it may

be necessary to either make it possible for others to replicate the model with the same

dataset, or provide access to the model. In general. releasing code and data is often

one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurlPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with suf cient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer:

Justi cation: We only use public datasets which are all properly cited. Our code release
needs to go through a legal review process from our institute, and we will release the code
after the legal review is complete.

Guidelines:

« The answer NA means that paper does not include experiments requiring code.

» Please see the NeurlPS code and data submission guiddiites/(nips.cc/
public/guides/CodeSubmissionPolicy ) for more details.

» While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

» The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurlPS code and data submission guidetpees (
/Inips.cc/public/guides/CodeSubmissionPolicy ) for more details.

» The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

» The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

» At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

 Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justi cation: The paper has speci ed all the training and test details in Section B.
Guidelines:

» The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detalil
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical signi cance

Question: Does the paper report error bars suitably and correctly de ned or other appropriate
information about the statistical signi cance of the experiments?

Answer: [Yes]

Justi cation: We have properly provided the variances of our results in the experiment
section.

Guidelines:

» The answer NA means that the paper does not include experiments.

» The authors should answer "Yes" if the results are accompanied by error bars, con -
dence intervals, or statistical signi cance tests, at least for the experiments that support
the main claims of the paper.

 The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

» The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)
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» The assumptions made should be given (e.g., Normally distributed errors).

« |t should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% Cl, if the hypothesis
of Normality of errors is not veri ed.

» For asymmetric distributions, the authors should be careful not to show in tables or
gures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

« If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding gures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide suf cient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justi cation: We have detailed the compute resources in Section B.
Guidelines:

» The answer NA means that the paper does not include experiments.

« The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

» The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

» The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn't make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurlPS Code of Ethickttps://neurips.cc/public/EthicsGuidelines ?

Answer: [Yes]

Justi cation: The research conducted in the paper conforms with the NeurlPS Code of
Ethics in every aspect.
Guidelines:

» The answer NA means that the authors have not reviewed the NeurlPS Code of Ethics.

« If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

 The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justi cation: We have discussed the broader impact of this paper in the conclusion section.
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

« If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

« Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake pro les, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact speci ¢
groups), privacy considerations, and security considerations.
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» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

» The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the ef ciency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible

release of data or models that have a high risk for misuse (e.qg., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justi cation: The paper does not pose high risk for misusing data or models.
Guidelines:

» The answer NA means that the paper poses no such risks.

» Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety lters.

» Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

» We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justi cation: We properly cite all the code and data used in this paper, and respect their
license and terms of use.

Guidelines:

» The answer NA means that the paper does not use existing assets.
» The authors should cite the original paper that produced the code package or dataset.

« The authors should state which version of the asset is used and, if possible, include a
URL.

» The name of the license (e.g., CC-BY 4.0) should be included for each asset.

» For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

« If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datapetgerswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

« For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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« If this information is not available online, the authors are encouraged to reach out to
the asset's creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justi cation: No new assets are released in this paper.
Guidelines:

« The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

» The paper should discuss whether and how consent was obtained from people whose
asset is used.

« At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip le.

Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper

include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justi cation: The paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

» The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

« Including this information in the supplemental material is ne, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

» According to the NeurlPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justi cation: The paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

» The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

» Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

» We recognize that the procedures for this may vary signi cantly between institutions
and locations, and we expect authors to adhere to the NeurlPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

19



Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scienti ¢ rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justi cation: We only use LLMs for editing purposes.

Guidelines:

» The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

 Please refer to our LLM policyhttps://neurips.cc/Conferences/2025/LLM )
for what should or should not be described.
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A MITRA

In this section, we provide details on the in-context learning (ICL) preliminaries, our data generation
methods and priors, and the overall®A algorithm.

A.1 TFM Preliminaries

To pretrain a TFM on purely synthetic data, each datBset f (x,;yn)gN-; is sampled from a

prior distributionG that generates datasets with varying numbers of features, samples, classes (for
classi cation tasks), and categorical attributes. Once a TFMas been pretrained, it can be used to
perform ICL as follows. The model is given a supportBet, consisting o = Ng,,labeled rows

f (Xsup, » Ysup, )Gn=1 » @long withg = Ngry unlabeled query rowsx gy, gh-,, wheres+ q= N. It

then predicts the corresponding query latigfgy, gr-, in asingle forward pass:

9‘qry1 : ; 9‘qry®| =f ([(Xsupl 1 Ysup ); ;(x sup » Ysup ); Xqry, s ; eryq D;

without the need to update its parameter

A.2 Data Generation

Here, we discuss the speci ¢ parameters and modeling choices in the data generation for feature-target
pairs(x;y) 2 D and the details on the priors that we use in our data-generating mixture of priors in
MITRA. For simplicity, Figure 6 shows a visualization of a 2D dataset generated from our mixture
of priors inMITRA. In addition, Figure 7 shows a t-SNE visualization of high-dimensional data
samples from our mixture used during pretraining. We see both continuous and categorical features
represented. The classi cation labglare depicted in color.

A.2.1 Feature and Target Generation

Featurex: We desigrx to includeN o continuous andl .4 categorical components, such that
Neont+ Neat = d. The number of categorical components is determinel hy= bpga(d + 1) c,
wherepg, IS a categorical percentage uniformly sampled. We then uniformly sampld the

indexj 21 cont= I Nl ca, We takex; to be i.i.d. Gaussian noise. For each categorical feadyre
we generate its number of classes from a Geometric distribution. Lastly, we moded,egicha
multinomial distribution over its number of clasgg§.

Targety. For eachtarget 2 Y, we handle its generation differently depending on whether the
generating prior uses “direct” or “indirect” sampling. For direct sampling, we directly simulate
y from a random conditional distributigo(y j x). For indirect sampling, we rst require tting

a classi er or regressor on a synthetically generated training datasg) for the corresponding
task. In classi cation tasks, the labgl2 Y  Z is generated similarly to the aforementioned label
generating process for the categorical features. In regression tasks, wetdab@ normal. The nal
labely, is generated as the output from the tted estimator on a new feature vector

A.2.2 Synthetic Data-Generating Priors

We include a mixture of SCMs with TBPs, with both indirectly (ET, GB, DT, RF) and directly
sampled priors (SCM, DSRF).

Indirectly Sampled Priors. Algorithm 2 shows the data-generating procedure for “indirectly”
sampled priors. We refer to these priors as indirectly sampled methods since they rst require training
dataD =[X;Y]2 RB® (4*D to tthe estimator, i.e., classi er or regressor for the corresponding
task, whereB denotes the base size. Then, we generate feaXze® RN ¢ according to the
feature generation procedure described in Subsection A.2.1. The’ n& RN is output from the

tted estimator by predicting on thiX , input. We note that TabForestPFR] pnd Attic [5] use an
indirectly sampled DT prior, and TablCR2§] uses an indirectly sampled XGBoost prior. Our data
generation is similar to that in TabForestPFHldnd Attic [5] with the differences that we directly t

a Classi er for classi cation tasks rather than using a Regressor, and use our direct multinomial label
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Figure 6: Randomly generated 2D Dataset from mixture of priors inMITRA. The features
X 2 R? drawn from our mixture of SCM and TBP data-generating priofslimRA on classi cation
tasks. The classi cation labelsare shown in color.

generation procedure (see subsection A.2.1) for both the target labels and categorical feature labels.
Hence, we eliminate the need for using the quantile transform to bucketize the continuous values to
labels. For these indirectly sampled TBPs, we use the classi ers and regressors from scik@garn [

Directly Sampled Priors. Algorithm 5 shows the data-generating procedure for our directly
sampled random forest (DRSF) TBP prior. We refer to these priors as directly sampled because
they rst sample a functiofi 2 F from function spac& and then generate the targgis= f ()

for datax,,. Hence, directly sampled methods only need to fofm2 RN 9 once and then the
directly-sampled data-generating priors directly output2 R.

For DSRF, we generate the featudés using the same feature generation process from Subsec-
tion A.2.1. For DSRF, we must rst construct random trees fienisee Algorithm 4). To do so,

we sample the following: (1) random split indicesfi@;:::d 19, whered denotes the feature
dimension; (2) random split thresholds in a speci ed range thres-int. Each node in the tree stores its
corresponding split index and split threshold. We store the split intervals in a dictionary to track the
sub-intervals corresponding to the feature split index to sample from on future splits as the algorithm
progresses. We follow the convention from DTs, where the tree is split on a featurei inddx
valuev, and all datapoints such thali] v, are split to the left side of the tree and those such that
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Figure 7:t-SNE visualization of random high-dimensional dataset from mixture of priors in
MITRA . The features 2 RY drawn from our mixture of SCM and TBP data-generating priors in
MITRA. The classi cation labely are shown in color.

x[i] > v are on the right side of the tree. We also control the number of nodes with no children. We
construct the leaf node labels differently depending on the task type. For classi cation, we uniformly
randomly sample a starting indexfif;:::;N. 1g, whereN. denotes the number of classes, and

we increment it for each subsequent leaf node added modulo the number of classes. For regression,
we sample the leaf nodes from a Gaussian distribution. We sample number of estimators (random
trees)Ne, and we traverse each tree until a leaf node is reached to get a target value for that tree (see
Algorithm 3). Lastly, we compute the nal labglusing majority voting over these, values for

classi cation tasks and using the mean for regression tasks.

For details on the SCM prior, see Appendix C.1 of the TabPFN paper [16].

A.3 Algorithm

Algorithm 1 provides an overview of our MIRA method.

The population version of the likelihood in Section 3.3 takes a form of an expectation over the table
D, with each table sampled from the prior mixture. Given the sampled table, the model agsumes
guery rows are conditionally independent given the in-context examples, so that the log-likelihood
within the expectation is decomposed into a sum ofdividual terms, one per query row. When
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the query label corresponds to a classi cation task, its (conditional) distribution is assumed to be
categorical, making the training objective equivalent to minimizing the cross-entropy loss. When the
query label corresponds to a regression task, its (conditional) distribution is assumed to be Gaussian
and the training objective corresponds to minimizing the Mean Squared Error (MSE) loss.

Algorithm 1 MITRA: Mixture of Synthetic Priors for pretraining TFMs

P
Require: Set of data generatof6; g, , with mixture weightd w; g™, such that i"il wi =1,
Require: Support set sizs, query set sizg, number of pretraining stefs.
1: fort=11toT do

3:  Sample synthetic dataset’) = f(xg);yﬁ,i))gnN;l G, .
4. Randomly partitionD( into support seD$), and query seDqy with D) = s and

D& = o - o |
5:  Construct input sequencBx &y ; Yai ) 1o 15 (XS sy )i xS 1o ;xg'%,q].
6 Predict query labels via TFl\zp.&'r)yl:q =f ().

7:  Compute losst = log p (yé'r)yl:quéh)p;xg'ri,liq).

8 Update model parameteraising gradient ot

9: end for

Algorithm 2 Indirectly Sampled TBPs.

Require: Task generatof BR base siz&, feature dimensiod, number of sampleN , number of
classesd\, task typel 2 f CLASSIFICATION; REGRESSION.
1: Generate training datB = [X;Y] 2 RB® (4*D whereX = [x3;:::;xg] 2 R® ¢ and

TBPClassifier ; if T = CLASSIFICATION;
TBPRegressor  otherwise

. Fitmodel:z:fit (X;Y).

: Sample testing featurés, 2 RN 9.

: Generate prediction& ,  z:predict (X,) 2 RV.

:return [X ;Y] 2 RN (d+1)

N

. Instantiate modet

o g~ w

Algorithm 3 Target Generation From DT Traversal

1: function DT-TRAVERSAL(X, tree )
2: (ind ;thres )  tree.value

3: if tree.target  is not Nonethen . Leaf node reached
4: y tree.target

5: else ifx[ind] thres then

6: y  DT-TRAVERSAL(X, tree.left ) . Traverse left subtree
7: else

8: y  DT-TRAVERSAL(X, tree.right ) . Traverse right subtree
9: end if

10: return y
11: end function
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Algorithm 4 Construct Random Decision Tree (DT)

Require: Feature dimension d, number of classes N;, task type T 2

9

1
2
3
4.
5.
6:
7
8

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24.
25:
26:
27
28:
29:
30:
31:
32: end function

f CLASSIFICATION; REGRESSION, minimum and maximum tree deptlgin > 0, dmax , Split

threshold intervathres-int , probability of no childrerp,., Gaussian parameters for regression

leaf nodeq ; ), global leaf counteNjg5: = 0.
classNoDE(depth, dmin , dmax , thres-int )

value None . Split rule: (feature index, threshold)

left , right None . Child nodes

d depth . Node depth

target None . Leaf prediction value

rs fg . Dict. of (feature index, split intervals)

Storedmin ; dmax , andthres-int . Min and max depths, threshold interval
end class

function RANDDT([lb , ub]=thres-int , tree =None,depth=0,rs ={}, ind = None)
tree NobDE(depth, dmin ; dmax ; thres-int )
if depth > Othen
tree.rs rs; tree.rs[ind] [Ib, ub]
else ifdepth = 0 andT = CLASSIFICATION then
target U (f0;:::;N: 10)
end if

[lb;ub] tree.rs[ind] if ind intree.rs , elsetree.thres-int
thres U ([Ib;ub])

tree.value (ind , thres )
if (tree.d <dmax andp U ([0;1]) pne) Ortree.d <dpin then . Add children
tree.left RANDDT([Ib, thres ], tree.left ,tree.d + 1,tree.rs ,ind)
tree.right RANDDT([thres , ub], tree.right ,tree.d +1,tree.rs ,ind)
else . Assign target value to leaf node
if T = CLASSIFICATION then
tree.target Njeat mod N¢
Nleaf Nleaf +1
else
tree.target N (; )
end if
end if

return tree
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Algorithm 5 Directly Sampled Random Forest (DSRF)

Require: Feature dimensiod, number of sampledl, number of classebl., task typeT 2
f CLASSIFICATION; REGRESSION), humber of estimators ¢, minimum depthdmi, > 0, maxi-
mum depthdmax , Split threshold intervahres-int , probability of terminal nod@,., Gaussian
parameters for regression leafes ).

1: Generate feature matri, 2 RN 9 as described in Subsection A.2.1.

2: forn=1toN do

3: fori =1 toNe do

4: tree RANDDT() . Sample a random DT from function spaegAlg. 4)
5: target [i] DT-TRAVERSAL(X 2[n;];tree) . Evaluate tree on input (Alg. 3)
6: end for

7: if T = CLASSIFICATION then

8: Y2[n] MAJORITYVOTE(target )

9: else

10: Y2[n] MEAN(target )

11: end if

12: end for

13: return [X ;Y] 2 RN (d+1)

B Experimental Settings

In this section, we discuss the details on the benchmarking datasets, metrics, and implementation.

B.1 Benchmarking Datasets

Table 7 provides the description and statistics of the benchmarking datasets with various number
of rows and features. As discussed in Section 4.1, to compare with 1D models (e.g., TabPFN that
support features up to 100) and 2D models (e.g., TabPFNv2) that support features up to 500, we
evaluate on both small-feature and large-feature benchmarks. For the small-feature benchmark, we
use 66 TabRepo classi cation datasets, 75 TabZilla classi cation datasets, and 10 TabRepo regression
datasets, that have up to 3,000 rows and 100 features following TallF:N$ evaluate on large-
feature benchmarks, we use 29 classi cation datasets from AMLB benchmark with up to 10,000 rows
and 500 features. We additionally evaluate on a large-feature regression benchmark of 28 datasets
from AMLB and OpenML-CTR23 benchmarks, with up to 10,000 rows and 500 features. This is
consistent with the evaluation protocol of TabPFNv2 [17].

The dataset task IDs are provided as follows:

TabRepa 2, 11, 37, 2073, 2077, 3512, 3549, 3560, 3581, 3583, 3606, 3608, 3616, 3623, 3664, 3667,
3690, 3702, 3704, 3747, 3749, 3766, 3783, 3793, 3799, 3800, 3812, 3903, 3913, 3918, 9904, 9905,
9906, 9909, 9915, 9924, 9925, 9926, 9970, 9971, 9979, 14954, 125920, 125921, 146800, 146818,
146819, 168757, 168784, 190137, 190146, 359954, 359955, 359956, 359958, 359959, 359960,
359962, 359963, 361333, 361335, 361336, 361339, 361340, 361341, 361345

AMLB : 2073, 146818, 146820, 168350, 168757, 168784, 168911, 190137, 190146, 190392, 190410,
190411, 359954, 359955, 359956, 359958, 359959, 359960, 359961, 359962, 359963, 359964,
359965, 359968, 359969, 359970, 359972, 359974, 359975

TabZilla: 4,9, 10, 11, 14, 15, 16, 18, 22, 23, 25, 27, 29, 31, 35, 37, 39, 40, 42, 47, 48, 50, 53, 54,
59, 2079, 2867, 3512, 3540, 3543, 3549, 3560, 3561, 3602, 3620, 3647, 3731, 3739, 3748, 3779,
3797, 3902, 3903, 3913, 3917, 3918, 9946, 9957, 9971, 9978, 9979, 9984, 10089, 10093, 10101,
14954, 14967, 125920, 125921, 145793, 145799, 145847, 145977, 145984, 146024, 146063, 146065,
146192, 146210, 146800, 146817, 146818, 146819, 146821, 146822

TabRepoReg 167210, 359930, 359931, 359932, 359933, 359935, 359942, 359944, 359950, 359951

AMLB + OpenML-CTR23 : [167210, 233215, 359930, 359931, 359932, 359933, 359934, 359939,
359940, 359942, 359944, 359945, 359948, 359950, 359951, 360945, 361235, 361236, 361237,
361243, 361251, 361256, 361258, 361259, 361617, 361619, 361621, 361622
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Table 7: Benchmarking Datasets Description and Statistics.

Dataset | Task | Num. Tables| Max Num. Rows| Max Num. Features
TabRepo Classi cation 66 3,000 100
AMLB Classi cation 29 10,000 500
Tabzilla Classi cation 75 3,000 100
TabRepoReg Regression 10 3,000 100
AMLB+OpenML-CTR23| Regression 28 10,000 500
B.2 Metrics

To ensure a comprehensive evaluation of model performance across datasets and tasks, we employ a
diverse set of ranking and aggregated metrics for both classi cation and regression tasks. Below, we
provide their formal de nitions used in this work. When computing the rank-based metrics, each fold

of a dataset is considered as a separate evaluation unit.

B.2.1 Ranking-Based Metrics

To assess model performance across a suite of datasets, we adopt the following ranking-based metrics:

Average Rank. LetM denote the set of models abdthe set of datasets. For a model2 M
and dataset 2 D, letrank (m) denote the model's rank (1 is best) on datasatcording to a
performance metric (e.g., accuracy). The average rank is de ned as:

Avg. RanKm) = rank (m):

1
b
Elo Rating. Elo rating generalizes pairwise win/loss outcomes into a competitive rating system.
Each model is treated as a player, and its rating is updated based on pairwise performance comparisons
across datasets. The nal Elo rating re ects the model's relative strength across all pairwise matchups.
We implement the metric based on existing work [6].

Winrate. Winrate captures the proportion of datasets on which a model outperforms other models.

Formally, for a modein:
, 1 1 _
Winratgm) = ST 1[E (m) < E (m%] + S1[E (m)= E (m%

2D m%Mm
m% m

where erroE =1  AUC for classi cation task, anE = 1 R? for regression task, ari ] denotes
the indicator function. Tie contributes half a win.

Rescaled Accuracy. To address the effect of dataset dif culty on raw scores, we scale by the
best-performing model within each dataset:

E(m) E(m ).

E(m9) E(m )’

wherem = arg min,, E(m) andm® = arg max,, E(m) respectively denote the model with the

smallest and largest errors. Eree= 1 AUC for classi cation task, anE =1 R? for regression
task. The overall Rescaled Accuracy is the average over datasets:

RAcc (m) =1 Rescaled Erro(m); Rescaled Erro(m) =

1 X
RAcom) = — RAcc (m):
D] 2D

Champion Delta. Letm =argmin E(m) denote the champion model. The Champion Delta
for a modelm is de ned as:

E(m )
E(m)
This re ects the percentage performance margin between the current model and the best-performing

model. Error E=1  AUC for classi cation task, and E 1 R? for regression task.

cC(m= 1 100
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B.2.2 Aggregated Classi cation Metrics

For aggregated classi cation metrics, we report standard metrics averaged across datasets.

AUC (Area Under ROC Curve). For abinary classi er, AUC measures the area under the Receiver
Operating Characteristic curve, which plots the true positive rate (TPR) against the false positive rate
(FPR). Formally: 7

1

AUC=  TPR(t)dFPRY);

0
wheret is a threshold on predicted probability scores. For multiclass classi cation, we adopt the
one-vs-one (OvO) strategy and compute the average AUC over all pairwise class comparisons.

Accuracy (ACC). Accuracy is the fraction of correctly classi ed instances:

1 X
ACC= T 1lyi = il
i=1

wherey; is the ground-truth label, an is the predicted label, arif ] denotes the indicator function.

Cross-Entropy (CE). Letp; be the predicted class probability vector for instancandy; the
one-hot encoded ground-truth vector. The cross-entropy loss is:
1 XX
CE= — Yicc 109 Pic;
i=1 c=1
whereC is the number of classes.

B.2.3 Aggregated Regression Metrics

For aggregated regression metrics, we report standard metrics averaged across regression datasets.

R? (Coef cient of Determination). TheR? score quanti es the proportion of variance explained
by the model: =
N

R2=1 i:1(Yi 9i)2;
Lyoy)?

wherey is the mean of the ground-truth values.

Root Mean Squared Error (RMSE). RMVSE penalizes large prediction errors more heavily:

u
X
RMSE:PNi i W3

i=1
Mean Absolute Error (MAE). MAE measures the average magnitude of prediction errors:
X

1 . :
MAE= = jyi %t
N i=1

B.3 Training and Inference

Our implementation is based &y TORCH. We discuss the speci ¢ pretraining details and model
hyperparameters below.

B.3.1 Transformer Architecture

MITRA is built on Transformer architectur83] with 12 layers, 512 embedding size and 4 atten-
tion heads. Each Transformer layer includes both row-wise attention and column-wise attention
implemented using FlashAttentiod][ The resulting model contains 72M parameté/STRA 1D is

built on Transformer architecture, and each layer contains row-wise attention. The resulting model
contains 37M parameters.
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B.3.2 MITRA Pretraining

Figure 8: Comparison of training accuracy with respect to pretraining steps, with data generated from
the mixture of priors in MTRA, vs. data from its prior individually.

For pretrainingMITRA, we use eight 40GB A100 GPUBITRA is trained on 45 million synthetically
generated datasets. This training takes approximately 60 hours on 8 GPUs (Nvidia A100s). To
normalize features, we apply uniform quantile transform based on the support set, followed by
standard normalization based on the mean and standard deviation from the support set. For regression
tasks, we additionally apply min-max normalization for the target column using the minimum and
maximum values of the support set for each table. Figure 8 illustrates that training curves tend to
converge quickly around 2000 steps and are oscillatory. Interestingly, Figure 8 highlights the diversity
ndings in the diagonal of the ACC generalizability matrix in Table 9. We see that the training
accuracy converges to a lower value for models generated with data from more diverse priors. The
mixture priors ofMITRA lie in between the less diverse TBPs (DSRF, GB) and the more diverse TBPs
(RF, ET, DT), and slightly below SCM, which indicates that the TBPs add diversity to the mixture. In
our experiments, we observe that the validation performance on real-world datasets improves as the
pre-training continues.

B.3.3 Ensembling and Finetuning Parameters for TFMs

For models incorporating ensembling, we use the default number of estimators for each model, i.e.,
4 for TabPFNv2 on classi cation tasks, 8 for TabPFNv2 on regression tasks, 32 for TabICL, 3 for
TabPFN. We nd that on TabZilla and AMLB classi cation benchmarks, TabPFNv2 with 8 estimators
performs better than using 4 estimators and the performance saturates after that. Accordingly, we
increase the number of estimators to 8 for TabPFNv2 on these two benchmarks to ensure competitive
performance. All models with +f are ne-tuned for 50 epochs, which is a setting that typically
triggers early stopping on most datasets. Note that TabPFN only supports up to 100 features so it is
not evaluated on the AMLB classi cation dataset. In addition, TabPFN and TabICL do not support
regression. Attic has been observed to have training stability issues on regression tasks, and its
reported performance is inferior to that of XGBoost, which we include as a baseline for regression.
Table 8 summarizes the number of estimators for each dataset.

Table 8: Number of Estimators for the Ensemble TFMs.

Dataset | MITRA (+ef) | Attic (+ef) | TabPFNv2 (+ef)| TabPFNV2 (+e)| MITRA (+e) | Attic (+e) | TabICL (+e) | TabPFN (+e)
TabRepo 4 32 32 32 3

AMLB 32 32 32
B.3.4 Statistical Model Hyperparameters

Tabzilla 32 32 32
Reg. 32 - -

[e NN
| 0o
© ™ A

8 -
8 3
8 -

For RealMLP, LightGBM, XGBoost, CatBoost, MLP, we use their default hyperparameters in
AutoGluon [7].
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C Additional Empirical Results

In this section, we report additional empirical results including the generalizability n@&terd
performance vectdP computed in other aggregated metrics, additional sample ef ciency results
and 2D decision boundary visualizations, ablations, classi cation and regression per dataset results,
and the further improved performance MfiTRA on the aggregated metrics using the advanced
ensembling bagging method.

C.1 Generalizability Matrix and Performance Vector Metrics

Here, we show the generalizability mat and performance vect® on TabRepo on metrics, i.e.,
accuracy (ACC) (Table 9) and cross-entropy (CE) (Table 10) in addition to the AUC table reported in
Table 1. The rows o6 denote the model pretrained with data generated from each prior. We then test
those pretrained models on synthetic data generated from each prior distribution. We gEd@rate
tables, each wittN = 1000 samples (rows), where the number of samples in the suppo&00

and the number of samples in the qugry 200.

We see that similar ndings hold across the various aggregated metrics in these tables. In particular,
Table 9 further emphasizes the distinctiveness of the TBP, ET, where the off-didgpnebrre-
sponding to the model pretrained with data drawn fiGsm is only 0:577. For the ranking-based
metrics of each individual prior, see Table 6.

Table 9: Diversity (diagonal) and distinctiveness (off-diagonals) of each prior distribution. Each entry
Gj; in the Generalizability Matrix represents tA€C of a TFM pretained on data generated from

G and evaluated on data fro@ . Each elemen®; in the Performance Vector corresponds to the
ACC of a TFM pretained on data fro® and evaluated on real-world datasets.

Train Test

SCM ET GB DT RF DSRF TabRepo
SCM | 0.841(0155 0.5770.249) 0.9020003) 0.74%0108) 0.5620241y 0.9090.113) | 10.812(0.176)
ET 0.8080.159) 0.715(0210) 0.92800779 0.8540141) 0.6130230) 0.94%0.006) | 0.803(0.169)
GB 0.80Qo.174) 0.62%0258) 0.942(0060) 0.8140177) 0.5880252) 0.9440.002) | 0.796(0.177)
DT 0.79Qo.168) 0.7120213) 0.92Q.077y 0.861(0134y 0.61%o233) 0.93Q0008) | 0.791(0.177)
RF 0.807%0.160) 0.62Q0.235) 0.9040006) 0.7850177) 0.602(0230) 0.9070.112) | 0.782(0.177)
DSRF 0.8060.211) 0.6720_235) 0.927(0.094) 0.84Qo_154) 0.607(0.240) 0.952(0.031) 0.799(0.175)

Table 10: Diversity (diagonal) and distinctiveness (off-diagonals) of each prior distribution. Each
entryGj in the Generalizability Matrix represents t@& of a TFM pretained on data generated
from G and evaluated on data fro@ . Each elemen®; in the Performance Vector corresponds to
the CE of a TFM pretained on data fro® and evaluated on real-world datasets.

Train Test

SCM ET GB DT RF DSRF TabRepo
SCM | 0.366(0359) 1.0540609) 0.30Q0275) 0.69Qos21) 1.1280627) 0.2730.303) | 10.416(0.378)
ET 0.46%0387) 0.764(0565) 0.22Qo233y 0.39Qo3s1)  1.00koes2y 0.1730270) | 0.503(0579)
GB 0.46Q.403y 1.02207200 0.162(0165) 0.53%0503y 1.107%0714y 0.1630.254) | 0.501 (0464
DT 0.47%0.400) 0.7770574y 0.21Q0231) 0.383(0368) 1.0070648y 0.1770.271) | 0.523(0532)
RF 0.4570370) 0.9670623) 0.2730264y 0.57Q0.474) [1.028(0628) 0.2480206) | 0.521(0.468)
DSRF | 0.44Q0.492) 0.8680632 0.2190206) 0.44%04200 1.02%0655 0.134(0222) | 0.473(0.410)

C.2 Sample Ef ciency

Table 11 illustrates the improved sample ef ciencyMfTRA compared to its ablation® ITRA-

Mix2 (SCM + ET + GB) and Attic (a variant of SCM + DT). In particular, the differences in the Elo
become larger as the downsampling ratis,is further decreased with the largest gains occuring
whends= 0:1. This result emphasizes the generalizability of our mixture priors in comparison to
mixtures of less priors in data-scarce scenarios.
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Table 11: More diverse priordITRA) show better sample ef ciency. Winner under each down-
sampling ratio d® f 1.0; 0:75; 0:5; 0:25; 0:1g in bold.

Model | Ranking Metrics \ Aggregated Metrics
| Avg. Rank # Elo " Winrate " RAcc " C #| AUC " ACC " CE #
MITRA -Mix2 (ds=1.0) 4.4 1234 (1g.8) 0.76 0.88 121 0.8817%0.1256) 0.8407¢0.1607)  0.361203624)
MITRA (ds=1.0) 45 122751 0.75 0.88 117 | 08818015 0.83901625)  0.360903614)
Attic (ds=1.0) 4.6 122%,5/.5) 0.75 0.87 12.8 | 0.8812%125  0.83%1629  0.368203607)
MITRA (ds=0.75) 5.6 1151 71.9) 0.67 0.83 185 | 0875801289 0.834401617) 0.3716(03663)
Attic (ds=0.75) 5.6 115Qu77.7) 0.67 0.83 190 | 0.874313  0.83240165  0.379503651)
MITRA-Mix2 (ds=0.75) 5.7 11467:.7) 0.66 0.82 18.6 | 0.875%01207  0.833%.16a1)  0.372703672)
MITRA (ds=0.5) 7.1 1060 +71.7) 0.56 0.76 266 | 0.86840135 0.8267(01679) 0.3888(03723)
MITRA-Mix2 (ds=0.5) 7.2 105647.7) 0.56 0.76 263 | 086749135y 0.8257%01605)  0.389%03726)
Attic (ds=0.5) 73 104%s1) 0.55 075  27.7| 0.866%.131  0.82401683  0.396% 3606
MITRA (ds=0.25) 9.9 888 (.71.6) 0.36 059  39.7 | 084920147 0.807601722) 0.4317(03781)
MITRA-Mix2 (ds=0.25) 10.0 884.71.7) 0.36 059  40.1 | 0.848%14127  0.8070174y  0.432703776)
Attic (ds=0.25) 10.2 8744718 035 058 415 0.845(ow39)  0.804301728)  0.44160.3727)
MITRA (ds=0.1) 1255 700 (+g1.9) 0.18 0.25 533 | 0.807801s0s 0.770201799) 0.5158103772)
MITRA-Mix2 (ds=0.1) 12.7 68L11/-10) 0.17 0.23 53.8 | 0.806%.1499) 0.766201706)  0.518203766)
Attic (ds=0.1) 12.7 68Q:5/-12) 0.16 0.22 53.7 | 0.799%1s32) 0.76481704  0.523%0377)
C.3 Ablations

In Table 6, we perform an ablation study to analyze the importance of each prior in our mixture.
We begin with ranking the performance of the model pretrained on data drawn from each prior
individually. For the next step, we select the prior with the best performance, which in this case is
SCM. We then add each remaining prior one-by-one with that selected prior to determine the next
best pairing. We continue this procedure until we have added all the pribtstiRA in a forward
process. We see that the ranking of the priors in decreasing ori8Cs!, ET; GB; DT; RF, DSRFy,

which aligns with the performance, diversity and distinctiveness ndings from the generalizability
matricesG and performance vectoPs in the various metrics in Tables 1 and Tables 9 - 10.

In Table 12, we study the effect of the percentpdmetween SCM and the tree-based priors (TBP) in

our mixture of priors iNMITRA on the TabRepo dataset. In our experimental results, wesét:5

for an equal weighting of SCM and TBP. We see that on TabRepo there are several valtiestof

show improved performance of the mixture over SCM algne ( :0) and TBP aloneg = 0). The
average rankings fqy = 0:5; 0:4; 0:6 are tied at 3.2 with slightly better Elo far= 0:5 at 1040 vs.

1030 for the other variants. In addition, SCM alone has better performance over the TBPs alone with
an average ranking of 3.7 vs. 4.4, The mixture of TBPs without SCM has a lack of distinctiveness
since the models trained on data drawn from a TBP can predict on data drawn from these other TBPs
better than models trained on SCM can, as measured by the off-diagonals of the generalizability
matrix G. Removing SCM from the mixture also removes the top performing prior as measured
by the performance vectdt. Note that priors works have combined SCM with 1 TBP but not
multiple TBPs. In addition, these works have not studied the effect of the percentage of SCM and
the corresponding TBP, e.g., TabIC29 combinesp = 0:7 for SCM withp = 0:3 XGBoost-based

SCM, and TabForestPFN [2]and Attic [5] combipe 0:5 SCM withp = 0:5DT.

Table 12: TabRepo 10-fold classi cation ablation study on the effect of the perceptgg@CM in
the mixture of priors and the total amount of tree-based priors (TBP) ip.

p \ Ranking Metrics | Aggregated Metrics
| Avg. Rank # Elo " Winrate * RAcc* C #| AUC " ACC " CE #

0.5 (M ITRA) 3.2 1040(+g/_10) 0.57 0.69 14.3 0.868(0,133) 0.822(0.153) 0.403(0.359)
0.4 3.2 1030499  0.55 0.68 151 | 0.86401s3 0.8170171)  0.4080369)
06 32 1030(+9/-9) LSS 067 M 0865(0135) 0822(0169) 0404(0368)
0.7 3.3 10291010 055 066 153 | 0.863013 0.8180171) 0.406036s)
1.0 (SCM) 3.7 98%+10.10) 0.47 057 191 | 0.857012 0.812176  0.416037s)
0.0 (TBP) 4.4 888+10/-11) 0.32 0.35 29.5 | 0.85Q.137) 0.8080.168) 0.45%0.392)
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Table 13:MITRA wins on TabRepol10-fold classi cation benchmark. Winner/runner-up ‘h

+e means ensembling in ICL, and +f means ne-tuning. BB&o6 con dence interval is shown

in parentheses for the Elo. The columns in the aggregated metrics are mean and std (shown in
parentheses) of the corresponding metric.

Ranking Metrics Aggregated Metrics

Model
| Avg. Rank # Elo " Winrate* RAcc* C #| AUC" ACC " CE #

MITRA (+ef) 7.8 114l(+5/,5) 0.69 0.8 17.9 0.882(0‘124) 0.837(0.154) 0-370(0,367)
Attic (+ef) 7.9 1135(:51.6) 0.69 0.79 19.2 | 0.880(.125) 0.835(0.163 0.377(0.366)
TabPFNv2 (+e) 8.4 112@..5/.5) 0.67 0.78 20.4 0.8730,125) 0.8350_154) 0.3820_357)
TabPFNv2 (+ef) 8.9 1102*6/-6) 0.64 0.76 21.6 0.87&0_125) 0.83](0_162) 0.3960_357)
MITRA (+e) 9.6 107@.5/,5) 0.61 0.74 25.8 0.877(0_126) 0.83](0_164) 0.3940_357)
Attic (+e) 10.0 106355 0.59 0.74 26.7 | 0.877p.126) 0.83Q0.164) 0.40%0.367)
TabICL (+e) 10.2 1057:s1.6) 0.58 0.73 28.6 | 0.8590.144) 0.8130.172) 0.4130.374)
TabPFNv2 10.3 1055..5/.5) 0.58 0.72 24.8 0.8660,135) 0.8230,157) 0.3960_371)
MITRA 10.7 104@.5/.5) 0.56 0.71 28.1 0.86&0,133) 0.823(0_153) 0.4030_359)
TabICL 11.4 102Q¢/5) 0.53 0.69 30.7 | 0.8530.144) 0.8070.176) 0.4220 375)
Attic 11.7 1009515, 0.51 0.67  30.7 | 0.8580141) 0.81%0174y  0.4130370)
CatBoost 11.9 100@5/.5) 0.50 0.68 32.3 0.8650.130) 0-8160.168) 0.4160,374)
MITRA 1D (+f) 12.4 987+51.6) 0.48 0.65 31.7 | 0.8680.133 0.822%0.171) 0.4080.377)
TabForestPFN (+f) 12.6 98Q+5/.5) 0.47 0.64 33.2 0.86](0.135) 0.817(0_157) 0.417(0_373)
RealMLP 13.4 955*—6/-5) 0.44 0.6 33.3 0.85](0_140) 0.8020_133) 0.4530_402)
TabPFNv1 (+e) 14.2 929...5/,5) 0.40 0.55 36.8 0.8320_151) 0.787(0_133) 0.4630_335)
LightGBM 14.3 9264s5/.5) 0.40 0.58 36.1 | 0.8580.132) 0.8170.169) 0.4270.373)
XGBoost 14.3 924+5/-6) 0.39 0.57 375 0.85Q0.13]_) 0-8130.166) 0.4290.359)
MITRA 1D 15.0 90%.5/.5) 0.36 0.54 38.3 0.8420,140) 0.7940,179) 0.44&0_331)
Random Forest 15.0 901—0—6/-5) 0.36 0.52 40.9 0.8440,135) 0.797(0_170) 0.54Q0_513)
TabPFNv1 15.0 90}...5/,5) 0.36 0.51 38.4 0.8230_151) 0.7850_184) 0.4690_335)
MLP 15.3 89Qss.s5) 0.35 0.47 37.7 | 0.839141) 0.79%p180) 0.4640 387
TabForestPFN 15.6 88Q+6/-6) 0.34 0.5 40.2 0.8340.156) 0.79](0.135) 0-447(0,380)

Table 14:M ITRA wins on TabZilla 10-fold classi cation benchmark. Winner/runner-up ‘h . +e
means adding ensemble in ICL, and +f means adding ne-tuning.

Model | Ranking Metrics | Aggregated Metrics
| Avg. Rank # Elo " Winrate* RAcc* C #| AUC" ACC " CE #

MITRA (+ef) \ 8.6 1110 :5:-4) 0.66 082 207 | 091301 0.867013 0.3040s0)
Attic (+ef) 8.8 1102 (+5/.5) 0.65 0.82 21.8 091200133y 0.867(0142) 0.305(0.302)
TabPFNv2 (+e) 9.5 107%.5/.5) 0.61 0.8 25.1 0.9030_142) 0.8630_144) 0.3150_301)
TabPFNv2 (+ef) 9.9 10674-5/—4) 0.6 0.77 25.7 0.9030_143) 0.85](0_155) 0.3450_342)
TabICL (+e) 103 1055,4.4) 0.58 077 300 | 0907014 0.85Qo1s  0.3330305)
MITRA (+e) 10.3 105@4/.4) 0.58 0.77 30.2 0.907(0.143) 0.86Q0.142) 0.3250,295)
Attic (+e) 10.6 104@5/.5) 0.56 0.77 31.4 0.9060,142) 0.86&0,141) 0.32&0_295)
MITRA 11.1 102&4/.5) 0.54 0.74 30.8 0.9050,141) 0.85&0_140) 0.32Q0_295)
TabPFNv2 11.2 102@.5/,4) 0.54 0.74 30.9 0.90](0_149) 0.8560_144) 0.327(0_3()5)
TabICL 11.2 102@4/.4) 0.54 0.74 32.3 0-9030_142) 0.85](0_143) 0.3380_303)
Attic 11.6 1014:s5/.4) 0.52 0.73 33.8 | 0.90%0.141) 0.85%0.145) 0.34Qo.297)
MITRA 1D (+f) 12.3 99@5/.5) 0.48 0.69 34.5 0.90](0.139) 0.85Q0.145) 0.34&0.319)
CatBoost 12.7 97%.4/.5) 0.47 0.68 35.8 0.89&0‘142) 0.84&0,145) 0.3520_299)
RealMLP 12.7 97%.5/.4) 0.47 0.66 33.2 0.8950_149) 0.8440_157) 0.38Q0_4oz)
TabPFNv1 (+e) 12.7 979...4/,4) 0.47 0.67 35.1 0.8920_152) 0.837(0_153) 0.367(0_331)
TabForestPFN (+f)  12.8 976uss5) 0.47 0.66  35.4 | 0.895014 0.849146  0.359.3)
TabPFNv1 13.3 96Qs5/.5) 0.44 0.63 36.4 | 0.89%0.1s3 0.83Q0.157) 0.3740.333)
MLP 138 942,55 0.42 059  37.7| 08920150 0.8430150  0.36%0.314)
XGBoost 14.3 92%.5/.5) 0.40 0.59 39.4 0.892%0,143) 0.843(0_143) 0.367(0_303)
MITRA 1D 14.4 924+5/—5) 0.39 0.61 39.8 0.8860_151) 0.8340_155) 0.38Q0_333)
Random Forest 14.7 915is15) 0.38 057 434 | 0888150 0.83601s1)  0.4580432
TabForestPFN 14.7 913;5/.4) 0.38 0.59 39.8 0.8840.156) 0.8340.159) 0.3840,343)
LightGBM 14.8 91Luss5) 0.37 055  40.4 | 0.8791s7y 0.83301s2  0.370308

C.4 Classication

We report detailed results for individual benchmarks in Table 13 (TabRepo), Table 14 (TabZilla),
and Table 15 (AMLB), with aggregated results across all three benchmarks in Table 2 of the main
text. These tables show thisttiTRA (+ef) has the best performance across all 3 of these benchmark
datasets, which is consistent with the aggregated results.

To further enhance performance, we apply the advanced bagging strategy introduced in Section 4.5
of the main text to bottMITRA and the top-performing baseline Attic. Table 16 shows the results
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Table 15: MITRA wins on AMLB 10-fold classi cation benchmark. Winner/runner-up h

+e means ensembling in ICL, and +f means ne-tuning. BbB&6 con dence interval is shown

in parentheses for the Elo. The columns in the aggregated metrics are mean and std (shown in
parentheses) of the corresponding metric.

Model | Ranking Metrics | Aggregated Metrics
| Avg. Rank # Elo " Winrate© RAcc " C #| AUC " ACC " CE #

MITRA (+ef) 5.8 1202(+11/—11) 0.76 0.84 17.6 %26(0_075) 0.858(0_124) 0.341¢.292
Attic (+ef) 6.2 1186 (+10/-10) 0.74 0.83 194 | 0.9260076) 0.857(0.124y 0.344(0.203)
TabPFNv2 (+e) 6.9 115@10/.10) 0.71 0.81 19.7 0.9270.0752 0.858(0,124) 0-3450,298)
TabICL (+e) 7.5 112%9/.9) 0.67 0.78 23.7 0.91Q0,030) 0.847(0_125) 0.36Q0_290)
TabPFNv2 (+ef) 7.8 111?+g/_9) 0.66 0.76 24.2 0.92]{0_077) 0.84&0_133) 0.3630_320)
TabPFNv2 9.4 105%9/—8) 0.58 0.74 27.1 0.9230_077) 0.8520_125) 0.3530_305)
TabICL 9.4 10589/.0) 0.58 0.7 29.1 | 0.9140.087) 0.84%0.126) 0.3720.203)
MITRA 1D (+f) 10.6 1014}3/.9) 0.52 0.66 30.9 0.921(0.077) 0.85Q0,124) 0.36Q0,294)
CatBoost 10.8 100@8/-9) 0.51 0.64 33.1 0.9160.078) 0.8440.125) 0.3760.304)
TabForestPFN (+f) 10.8 1005..3/.9) 0.51 0.65 30.1 0.92(20,073) 0-84&0.126) 0.3640_293)
MITRA (+e) 11.2 99@.3/.9) 0.49 0.62 36.1 0.91](0_035) 0.83](0_147) 0.4060_350)
Attic (+e) 11.3 98@.9/,9) 0.48 0.63 34.9 0.91Q0_og5) 0.8320_147) 0-40:'(0.348)
MITRA 12.6 94%9/.9) 0.42 0.54 39.0 0-9090.087) 0.8260_147) 0.4150_354)
RealMLP 12.6 94Qi9/.10) 0.42 0.58 35.0 | 0.91Xo.082) 0.8340.138) 0.40Q0.330)
Attic 12.7 93@9/.9) 0.41 0.58 38.1 0.90&0,035) 0.8290_148) 0.4050_353)
XGBoost 13.1 9244.9/.10) 0.4 0.54 38.2 0.9120_030) 0.83Q0_1z7) 0.3830_303)
LightGBM 13.4 912+91.9) 0.38 0.51 38.0 | 0.91Qo.0s2) 0.8380.132)  0.3890.314)
Random Forest 13.6 90@9/.9) 0.37 0.5 42.3 0.90&0_037) 0.8330_131) 0.4460_330)
MLP 14.5 86%+10/-10) 0.33 0.46 39.9 | 0.8970.007) 0.82Qo.146) 0.4240 340)
MITRA 1D 15.3 834+10/.10) 0.28 0.44 45.1 0.8990.090) 0.81&0.147) 0.4230.347)
TabForestPFN 15.5 82&.9/.9) 0.28 0.43 44 .4 0.89Q0.039) 0.817(0.146) 0.4230_344)

of MITRA (bagging) and Attic (bagging) evaluated on the uni ed set of the three classi cation
benchmark datasets. Notabli, TRA (bagging) further improveM ITRA (+ef) and shows even larger
gains compared to other baselines.

We additionally evaluat® ITRA and baselines on the TabArena benchm@8t Table 17.MITRA

remains the state-of-the-art tabular models on TabArena. Speci ddllyRA achieves Pareto

ef ciency both in training time and inference time, with TabPFNv2 (HPO + ensemble) being
signi cantly slower. MITRA is the strongest single model, outperforming all methods even when
they perform hyperparameter tuning for 200 iteratiohd1TRA is only outperformed once the
hyperparameter con gurations of TabPFNv2 are ensembled together. We leave constructing a search
space for MTRA for HPO and HPO + ensemble results as future work.

C.5 Regression

In Table 18, we report additional regression results on a larger benchmark that combines AMLB and
OpenML-CTR23 with features up to 500 and rows up to 10k. This benchmark contains more datasets
with a larger number of rows than the other benchmark datasets. Results shdthat (+ef)

and TabPFNV2 (+ef) have similar performances, with TabPFNv2 (+e) having the top performance.
We choose to separate the two regression benchmarks (Table 4 and Table 18) to show differences
in performance on these small-scale and large-scale regression datasets. These results show that
MITRA performs better on small-scale datasets. Its performance limitation on this larger-scale dataset
can be explained by the fact that in pretraining it only sees up to 16 features and up to 640 rows.
Notably, it can outperform TabPFNv2 on benchmarks with up to 100 features and 3k rows, and on
some benchmarks with up to 500 features and 10k rows, despite being pretrained on one-tenth of the
maximum pretraining features and one-third of the maximum pretraining rows in TabPFNv2. These
ndings suggest thaM ITRA generalizes well beyond its pretraining regime. Future work includes
increasing the maximum number of rows and features during the pretraining process.

C.6 Critical Differences
We visualize the critical differences betwelehTRA and baselines across three classi cation bench-

marks (TabRepo in Figure 9, TabZilla in Figure 10 and AMLB in Figure 11) and two regression
benchmarks (TabRepo in Figure 12 and AMLB + OpenML-CTR23 in Figure 13).
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Figure 9: Critical difference plot on TabRepo classi cation benchmark.

Figure 10: Critical difference plot on TabZilla classi cation benchmark.

Figure 11: Critical difference plot on AMLB classi cation benchmark.

Figure 12: Critical difference plot on TabRepo regression benchmark.
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Table 16: Adding MTRA (bagging) and Attic (bagging) in the aggregated classi cation benchmark
results in Table 2 of the main text. +e means adding ensemble in ICL, and +f means adding ne-tuning.
The 95% con dence interval is shown in parentheses for the Elo. The columns in the aggregated
metrics are mean and std (shown in parentheses) of the corresponding metric.

Ranking Metrics Aggregated Metrics

Model ‘

\
| Avg. Rank # Elo " Winrate™ RAcc" C #| AUC" ACC " CE #
MITRA (bagging) | 7.9 113543.4  0.68 082 208 | 090501: 08601 0.3250ay
MITRA (+€f) 8.2 1124 4414 0.67 0.82 20.7 0.904(0.124) 0.858(0.144) 0.327(0.318)
Attic (bagglng) 8.4 111%4/.4) 0.66 0.81 22.9 0.9(0_131) 0.8550_144) 0.3330_319)
Attic (+ef) 8.5 111@.4/.4) 0.66 0.81 22.3 0.9030_125) 0.858(0_143> 0.33](0_313)
TabPFNV2 (+e) 9.1 10944475, 0.63 079  238| 090%i1s 0.85G0149 0.3370319)
TabPFNv2 (+ef) 9.7 107:@.4/.3) 0.6 0.76 25.8 0.897(0,129) 0.8460_151) 0.3620_342)
TabICL (+e) 10.7 1041—;.4/,4) 0.56 0.74 31.2 0.88$0_14) 0.8360_15) 0.3660_324)
MITRA (+e) 11.0 103%.4/,3) 0.55 0.73 31.7 0.8960_132) 0.847(0_143) 0-3590.328)
TabPFNv2 11.1 103Q.413) 0.54 073  29.6| 0.89%9139 0.8460147)  0.3520324)
Attic (+e) 11.3 1023313, 0.53 073  322| 08913y 0.848014s  0.3630328)
TabICL 11.9 10043/, 051 0.7 339 | 0.884014) 0833015y  0.3730.324)
MITRA 12.0 100‘\1_,.4/.3) 0.5 0.68 33.5 0.89](0_134) 0.84](0_151) 0.36&0_331)
MITRA 1D (+f) 12.6 97%.3/,4) 0.47 0.67 34.9 0.8920_13) 0.8430_15) 0.3650_331)
Attic 12.7 97ara) 0.47 067 357 | 0.884p139 0.8340155  0.37R0332
CatBoost 12.8 97@;4/.4) 0.47 0.67 36.0 0.88&0.133) 0.837((115) 0.3740.324)
TabForestPFN (+f)  13.0 96Q41.4) 0.46 065 356 | 0886013 0840149  0.37%033
RealMLP 13.6 948,33, 0.43 0.62  35.7 | 0.8780142 0.8270164) 0.41%0 300
XGBoost 14.6 914+3/—3) 0.38 0.58 39.8 0.8830_133) 0.833(0_149) 0.38&0_323)
LightGBM 14.9 905.41.4) 0.37 056  40.1| 0.876o1s1) 0.8290155  0.3920326)
MLP 153 893414y 0.35 051  40.4| 0.86Q14s  0.820161  0.4130345)
Random Forest 15.3 89%4/.4) 0.35 0.54 44.5 0.8740.14) 0.8220‘153) 0.47(0'424)
MITRA 1D 15.6 88%.4/.4) 0.34 0.54 42.8 O.86Qo,143) 0.8150,153) 0.4140,351)
TabForestPFN 15.8 873{.4/.4) 0.33 0.52 42.8 0.8640_154) 0.8140_167) 0.4140_353)

Figure 13: Critical difference plot on AMLB + OpenML-CTR23 regression benchmark.

C.7 Timing Ef ciency

We compute the running time &l iTRA and baselines on eight 40GB A100 machines. In Figure 14,
we present the performance metrics (Elo, winrate, and AUC) alongside the average running time
on the TabRepo benchmark ITRA (+ef) achieves a gain of 138 Elo over CatBoost while being
approximately 3.5 faster. We have additionally measured single-GPU ne-tuning performance.
MITRA (+ef) on a single GPU takes similar time (89 seconds) as CatBoost (83 seconds) while
achieving a gain of 138 Elo. We present more details on training and inference times on the TabArena
benchmark in Table 17.

C.8 Decision Boundary Visualizations

We visualize the decision boundariesMiTRA and baseline methods on a set of representative

2D simulated datasets. Each dataset consists of 1,000 samples drawn from a known ground-truth
distribution, with 10% used as support samples and the remaining 90% as query samples. For
MITRA and TabPFNv2, we adopt the ICL setting without ensembling. For classical models, we
use their default hyperparameters. OverdliTRA demonstrates effective few-shot generalization
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Table 17: Additional results on TabArena. “Single” represents single-model results without HPO.
“HPO" represents results after 200-iteration hyperparameter optimization. “HPO + ensemble” rep-
resents the ensemble results of hyperparameter optimiziorrRA is the strongest single model,
outperforming all methods even when they perform hyperparameter tuning. “Train Time” and “Infer
Time” represent the median training and inference time in seconds per 1K bowgA achieves
Pareto ef ciency both in training time and inference time.

Model | Avg. Rank# | Elo " | Winrate " | C  # | Train Time | Infer Time
TabPFNv2 (HPO + ensemble) 6.2 1745 0.89 0.05 3445.6 48.2
Mitra (single) 7.4 1699 0.86 0.07 457.2 34.6
TabM (HPO + ensemble) 9.9 1620 0.8 0.1 2828.4 1.6
TabICL (single) 10.1 1617 0.8 0.07 8.9 1.7
RealMLP (HPO + ensemble) 10.9 1597 0.78 0.09 6796.3 12.4
TabPFNv2 (HPO) 10.9 1596 0.78 0.08 3445.6 1
AutoGluonl.3 (4h) 12.6 1551 0.74 0.1 2309.2 2.6
TabPFNv2 (single) 12.7 1548 0.74 0.1 4.1 0.4
LightGBM (HPO + ensemble) 13.7 1525 0.72 0.12 647.6 1.7
TabM (HPO) 14.2 1512 0.71 0.11 2828.4 0.2
LightGBM (HPO) 16.2 1470 0.66 0.12 647.6 0.3
CatBoost (HPO + ensemble) 16.5 1465 0.66 0.12 1465.9 0.7
CatBoost (HPO) 17.3 1444 0.64 0.12 1465.9 0.1
TabM (single) 17.8 1437 0.63 0.14 10.4 0.2
CatBoost (single) 17.8 1434 0.63 0.14 5.7 0.1
ModernNCA (HPO) 18 1428 0.62 0.12 5944.9 0.5
XGBoost (HPO + ensemble) 18.5 1420 0.61 0.13 766.1 1.9
EBM (HPO + ensemble) 20 1390 0.58 0.16 1109.1 0.2
XGBoost (HPO) 20.1 1386 0.58 0.14 766.1 0.3
RealMLP (HPO) 20.2 1383 0.57 0.13 6796.3 0.7
ModernNCA (HPO + ensemble) 20.4 1381 0.57 0.13 5944.9 8.4
ModernNCA (single) 20.8 1368 0.56 0.15 14.8 0.3
TorchMLP (HPO + ensemble) 20.9 1370 0.56 0.14 2862.1 22
FastaiMLP (HPO + ensemble) 211 1366 0.55 0.16 1358.6 8.1
TabDPT (single) 22.7 1329 0.52 0.15 275 8.9
EBM (HPO) 23.1 1323 0.51 0.17 1109.1 0
EBM (single) 23.8 1307 0.49 0.18 5.3 0.1
RealMLP (single) 25.6 1270 0.45 0.16 22.5 1.6
FastaiMLP (HPO) 25.6 1273 0.45 0.17 1358.6 0.9
ExtraTrees (HPO + ensemble) 26.1 1261 0.44 0.18 370.9 15
TorchMLP (HPO) 27 1241 0.42 0.16 2862.1 0.2
XGBoost (single) 28.2 1214 0.39 0.17 2.4 0.2
ExtraTrees (HPO) 28.6 1205 0.39 0.2 370.9 0.2
RandomForest (HPO + ensemble)  30.5 1159 0.34 0.2 527.4 1.4
LightGBM (single) 30.7 1159 0.34 0.18 2.9 0.1
RandomForest (HPO) 33.1 1094 0.29 0.21 527.4 0.1
TorchMLP (single) 334 1087 0.28 0.22 10.4 0.2
FastaiMLP (single) 34.6 1056 0.25 0.23 4.7 0.6
Linear (HPO + ensemble) 35.2 1032 0.24 0.29 88.6 0.3
Linear (HPO) 36.2 1005 0.22 0.29 88.6 0.1
RandomForest (single) 36.3 1000 0.21 0.26 0.4 0.1
Linear (single) 36.8 985 0.21 0.31 2.3 0.1
ExtraTrees (single) 37.7 952 0.19 0.28 0.4 0.1
KNN (HPO + ensemble) 42.6 716 0.08 0.48 3 0.2
KNN (HPO) 43.7 623 0.05 0.5 3 0
KNN (single) 45.2 415 0.02 0.59 0.1 0

capabilities® As illustrated in Figure 15 and Figure 21, when the data distribution is axis-aligned,
MITRA produces more regular and less fragmented decision boundaries than TabPFNv2. This result
suggests that a lower functional complexity that appears to support better generalization. On other
representative 2D datasets—GP data (Figure 16), linearly separable data (Figure 18), Gaussian
mixtures (Figure 19), sine waves (Figure 20), and star-shaped distributions (Figur&2B8jra-has

SMITRA achieves comparable or superior generalization performance to TabPFNv2 on most datasets. One
notable exception arises on the spiral dataset (Figure 22). However, we obkere demonstrates greater
robustness to increasing noise levels in this simulated data. In contrast, TabPFNv2 exhibits a pronounced
performance drop, resembling a phase transition, as noise level increases.
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Table 18: AMLB 10 fold regression benchmark. +e means adding ensemble in ICL, and +f means
adding ne-tuning. The95%con dence interval is shown in parentheses for the Elo. The columns in
the aggregated metrics are mean and std (shown in parentheses) of the corresponding metric.

Ranking Metrics | Aggregated Metrics

Model ‘

‘ Avg. Rank # Elo " Winrate " RAcc" C # ‘ R2 " RMSE # MAE #
TabPFNv2 (+e) 4.4 1137 (+13/-12) 0.69 0.82 14.8 0.683(0,324) 1720.58(5369_93) 1002.44(3340_33)
RealMLP 5 109712013 0.64 077 164 | 0685037 174395501065  991.60(31013)
MITRA (+ef) 51 1091.;12/,11) 0.63 0.79 18.3 0.67&0_322) 1773-9@6086.74) 1064.6'\33520_53)
TabPFNv2 (+ef) 5.1 108%12.11) 0.63 077 167 | 0.672s8  1749.6Z07205 1017.1%357.77)
CatBoost 5.3 107 (111-12) 0.61 075  19.1| 0.6780s15y 1773.2%0s1s7)  1083.5Gse11.41)
TabPFNv2 5.9 104L12/12) 0.56 0.69 21.2 | 0.6690.333) 1889.3Ge334.77)  1140.713827.81)
LightGBM 6.6 99%:121.12) 0.49 0.65 223 | 0.6760s11) 1827.5%s013  1140.9Qs807.07)
XGBoost 6.8 984411/12) 0.47 0.65 217 | 0.67Qoz1s  1804.7616707  1121.92577051)
MITRA (+e) 7.6 9331212 0.4 059 288 | 0.65Qussy  1964.3%sesor  1263.8%4s.04)
MLP 8.3 883113113 0.34 047  28.1| 063803z 2153.0%16128)  1105.9%a64055)
MITRA 8.5 86Q+12/-12) 0.32 0.51 31.6 | 0.64%0.337) 1992.5%648.48)  1294.52233.03)
Random Forest 9.4 80%+131-14) 0.24 037 349 | 0.63%sm  1960.0sesoss) 1233414589

Figure 14: Average running time vs. performance metrics (Elo, winrate, and AUC) on TabRepo.

decision boundaries that fall between those of tree-based classi ers and the TabPFNv2 model, which
highlights the effect of pre-training on a mixture of synthetic priors. In the spiral (Figure 22) and
Swiss roll (Figure 24) examples, the Gaussian Process (GP) classi er shows strong performance,
which motivates our future work to incorporate GP-based priors into the pretraining mixture.

D Limitations and Future Work

While our current mixture of priors demonstrates strong performance, it can be further improved by
employing hyperparameter optimization (HPO) to adapt the mixture weights for speci ¢ downstream
tasks or domains. In addition, we plan to incorporate other continuous priors, e.g., Gaussian Processes,
which model smooth boundaries directly into the mixture, to better generalize to tasks outside of
tabular domain, e.g., time series forecasting. Lastly, althddgirA achieves competitive results
overall, it does not consistently outperform TabPFNv2 on large-feature regression tasks, and we plan
to scale pretraining to datasets with larger numbers of rows and features to yield further gains in
generalization to real-world, high-dimensional settings.
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Figure 15: Decision boundaries BfITRA and baselines on 2D checkerboard dMarrA shows
more regular and less fragmented decision boundaries than TabPFNv2.

Figure 16: Decision boundaries ofivRA and baselines on 2D Gaussian Process data.

Figure 17: Decision boundaries ofiWRA and baselines on 2D Julia set data.
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Figure 18: Decision boundaries of MITRA and baselines on 2D linearly separable data.
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Figure 19: Decision boundaries of MITRA and baselines on 2D nonlinear Gaussian mixture data.
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Figure 20: Decision boundaries of MITRA and baselines on 2D sine wave data.
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