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ABSTRACT

Relational databases (RDBs) contain vast amounts of heterogeneous tabular in-
formation that can be exploited for predictive modeling purposes. Of course the
space of potential targets is vast across enterprise settings, so it is preferable to
avoid learning a new model each time there is a new estimation task. Founda-
tion models based on in-context learning (ICL) offer a convenient option, but so
far are mostly restricted to single-table operability, a presumed impediment be-
ing the difficulty in collecting or generating adequate RDB pre-training data. But
is there any practical way around this bottleneck? We answer in the affirmative
by demonstrating how already-existing single-table foundation models can be re-
purposed for RDBs when combined with a suitable class of relational encoder,
such that no further pre-training or data collection is even required. This is possi-
ble because theoretical and empirical evidence suggests that ICL-specific encoder
compression of variably-sized RDB neighborhoods should be constrained within
high-dimensional RDB columns where all entities share units and roles, not across
columns where the relevance of heterogeneous data types cannot be determined
without label information. And conditioned on this particular restriction, encoder
expressiveness is not compromised by excluding learnable parameters that would
otherwise necessitate RDB data collection for pre-training. Practically, we de-
velop scalable SQL primitives to implement the encoder stage within an open-
source toolbox that achieves SOTA performance on new RDBs out of the box.

1 INTRODUCTION

Foundation models for tabular data, capable of handling new predictive tasks without retraining, are
increasingly prevalent (Hollmann et al., 2025; Jingang et al., 2025} Zhang et al., 2025cib). When
predicated upon some form of in-context learning (ICL), these models push labeled instances from
a previously unseen dataset through a single forward pass of a pre-trained Transformer architecture,
and then output predictions at one or more user-specified testing points. Despite their promising
performance thus far, these existing single-table foundation models do not address wide-ranging en-
terprise relational databases (RDBs) involving multiple inter-connected tables (Garcia-Molina et al.,
2009). For example, on e-commerce platforms candidate RDB prediction targets may cover future
product purchases (N1 et al., 2019), customer retention (Dave et al.,2014), click-through rates (mjk-
istler et al., |2016; |Zykov et al.}[2022)), user churn (Ni et al.| 2019)), or charge/pre-payment attributes
(Motl & Schulte, 2015). As reliance upon such capabilities continues to grow, moving beyond
single-table solutions has become an important yet under-served frontier; see Appendix [Al

A key bottleneck to such multi-table advancements is the presumed dependency on large volumes
of mostly-unavailable RDB pre-training data, particularly for common numerically-heavy use cases
that cannot be directly addressed with LLM prompting. This data paucity stems from both the
difficulty in generating realistic synthetic RDBs, and the tendency of real-world enterprise RDBs to
remain siloed by privacy/IP concerns. But is collecting multi-table relational data strictly necessary
in the first place? Perhaps counter-intuitively, we find a viable path towards RDB foundation models
without any data collection by re-examining the underpinnings of RDB predictive modeling.

Here intuition suggests that a rich parameterized encoder is paramount to accommodate RDB use
cases, converting variably-sized RDB neighborhoods (possibly expressed as subgraphs), into dense
fixed-length embeddings that mirror single-table settings. Indeed, most existing RDB predictive
models trained via per-dataset supervision operate more-or-less in this fashion (Dwivedi et al.,[2025;
Robinson et al. 2024aj [Wang et al.| [2024), with a graph neural network (GNN) or Transformer-
related architecture serving as the de facto encoder. These approaches have been shown to outper-
form alternatives based on combining parameter-free multi-table feature aggregation with trainable
single-table prediction heads (Wang et al., 2024} Zhang et al.,|2023b).
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However, as we will argue both theoretically and empirically, what is natural in the supervised
learning regime need not necessarily transition to success in distinct ICL-based RDB foundation
models. The high-level rationale is that a dense encoder representation can interfere with the original
column space of RDB tables, conflating units, roles, and levels of useful information. When a
supervision signal is present this need not be problematic, since the encoder can simply learn to
first prune away useless dimensions specific to a given dataset. But prior to seeing ICL samples
within an RDB foundation model, a necessarily fixed encoder is incapable of adjudicating column
roles, which may vary from dataset to dataset (or even task to task within a given RDB; see Figure
[I). Hence we advocate for RDB encoders that only compress vertically within high-dimensional
columns (where shared units facilitate interpretable aggregation), not horizontally across columns,
where relevance is largely indeterminate without label information. Importantly, conditioned on this
restriction to vertical compression, we formalize how a parameter-free encoder results in a minimal
loss of expressiveness. And so we can directly pair this class of encoder with the most powerful
existing single-table foundation models with no training (or pre-training) required. Circling back
to our original question, the implication is that we do not actually need to collect or generate any
RDB data, alleviating a non-trivial impediment to RDB foundation model development. In tracing
this path, our main contributions distill as follows:

* We define a restricted class of RDB encoder that explicitly preserves column identities and
interpretable information flow to a single-table ICL-prediction head. Within this class, we
establish that encoder expressiveness is not compromised by excluding trainable parame-
ters. This facilitates direct compatibility with the existing single-table foundation models
while avoiding any reliance on problematic RDB pre-training data.

* We quantify how RDB encoders outside of the proposed class can provably increase esti-
mation error and/or sample complexity when uninformative feature columns are present.

* Using scalable SQL primitives to implement the encoder stage, we introduce RDBLearn,
an easy-to-use open-source RDB foundation model capable of handling completely new
datasets out of the box with no training or fine-tuning whatsoever. The performance exceeds
existing alternatives, including a non-reproducible, closed-source industry model that has
been pre-trained with access to unknown real-world datasets. We also include ablations to
support the conceptual underpinnings of the proposed pipeline.

We remark that parameter-free RDB encoding methods have been proposed in the past for en-
gineering supervised predictive pipelines (Kanter & Veeramachaneni, 2015} [Kramer et al., 2001}
Zahradnik et al., |2023). What differentiates our contribution is that we are not defaulting to such
methods merely as a simplifying heuristic as in prior work. Instead, we are rigorously examining
why a suitable family of parameter-free encoders may actually be preferred when the goal is ICL
over unseen RDBs, particularly those with task-dependent partitions of useful and useless columns.

2 RDB PREDICTIVE MODELING

In a canonical supervised learning setting, we are given training data D = {X,y} = {x;., y; )7,
with instance feature rows x;, € X'¢ and corresponding instance labels y; € Y for all i. The goal
is then to learn a parameterized model fy such that fo(@.y) & Y at any test point { T, Yies }»
where in practice ¥ is unknown. RDB predictive modeling generalizes the above via the inclusion
of an additional set of auxiliary data tables 7 = {Tk}kK:l, where T" € T"*dr denotes the k-
th table associated with a given entity type. Each table row corresponds with a single instance of
that entity (e.g., an individual user), and the columns encode instance attributes (e.g., elements of a
user profile). These attributes are generally heterogeneous in nature, often consisting of continuous
or discrete numerical values, categorical fields, text fragments, or temporal information. Note that
without loss of generality, and for notational convenience later, we also assert that T = X.

To complete its specification and make use of these auxiliary tables for making predictions, an RDB
also includes a set of relations R = {F’C ,p"}E_|. Here each p* € P™+*! denotes a primary key
(PK) column, with elements uniquely identifying the rows of T*. Meanwhile, each column I k. of
F* represents a foreign key (FK), whose elements are all given by values in some fixed PK column
it references. In this way, the domain of every FK f is some p*
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2.1 A GENERIC RDB SUPERVISED LEARNING PIPELINE

A generic RDB predictive modeling pipeline predicated on supervised learning can be executed via
the following steps:

1. Convert RDB {7, R} as defined above to a heterogeneous graph G. There are multiple
ways of doing so (Wang et al.,2024), but the most common involves treating each table "
as a node type and each row ¢ within a given T* as a node with features t¥. We then form
directed edges using each FK column f ’“7 and PK column pk’, it points to within R. This
approach is widely adopted (Cvitkovic, 2020; |[Dwivedi et al., 2025} [Fey et al.} 2023} Zhang
et al.l [2023aib)).

2. Based on G, sample H-hop subgraphs or ego-networks G (x;.) that are centered at each
target row x;. within X. For temporal RDBs, sampling should exclude nodes with time-
stamps later than ;..

3. Independent of the original RDB or individual subgraph sizes, compute fixed-length em-
beddings z;. = g4[Gr(x:.)] € R%, where the encoder g, is some form of GNN or Trans-
former architecture.

4. Stack embeddings to form the revised D = {Z, y} = {z;., y;}'_; and train end-to-end by
minimizing the supervised loss

L0, ) = Z —log go (yi|9¢ [gH(wi:)]) (1

i=1
over parameters ¢ from the encoder and 6 from a suitable prediction head/decoder gy.

5. At inference time, update G to reflect any new collected data, including new unla-
beled test rows of X = TXK , form the new subgraph Gy (@.y), and then compute
0 (Yeest|96 [Grr (®ies) ] ) for making predictions of Y.

2.2 RDB FOUNDATION MODELS

Moving beyond the supervised learning setting of the previous section, the goal of RDB foundation
models is to retain applicability across multiple RDBs, with minimal or no retraining required for
each new predictive task. In addition to direct LLM-prompting approaches (Wydmuch et al.||2024),
we discuss two notable possibilities that involve an explicit pre-training step over multiple RDBs,
and therefore an inherent dependency on data collection.

Schema-agnostic models. Provided the encoder g, is designed to digest a broad spectrum of input
RDB schema (across entity types and associated features) using a shared representational form, then
it is possible to simultaneously train gy and/or g4 over multiple real-world RDBs (Ranjan et al.,
2025; [Wang et al., 2025; 'Wu et al.} 2025). The resulting model can, at least in principle, be applied
to new unseen RDBs without retraining, or perhaps more realistically, with modest fine-tuning for
any given task.

ICL-based models. Building on the growing development of models exploiting ICL for single-
table data (Hollmann et al.l 2025} Jingang et al., 2025} |[Zhang et al.,|2025b), it is natural to consider
extensions to multi-table RDBs using a graph encoder gy as adopted in previously-introduced super-
vised learning models (Fey et al.l 2025). Expanding on step 4 from Section the ICL multi-table
training objective becomes

£U0,6) = By mp(r ) | 108 @0 (|2 D) | with D = {202, 3i} s 2 = go[Gu(@)]. @

Unlike in , the revised decoder module gy now consumes a set of labeled ICL samples {z;., y; }1_4
as well as a test point 2.y = g4[Gn (Tes)], and is charged with predicting y.«; see prior work for
background justification of forming gy in this way for single tables (Hollmann et al., [2022} Nagler,
2023). All the requisite quantities are extracted from RDBs sampled during pre-training, which
may be synthetically generated from some distribution p(7,R) and/or combined with available
real-world RDBs. Synthetic generation has the advantage of unlimited volume, potentially as an
extension of single-table synthetic-generation training pipelines already in common use (Hollmann
et al.} 2025} Jingang et al., [2025; [Zhang et al.||2025b). In contrast, real-world RDB data with wide
coverage is relatively difficult to collect, as most sources are private within enterprises.
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At inference time, a completely new RDB {T, R} is provided, including one or more unlabeled test
query points &,y within X = T, Critically, no further per-dataset training occurs; instead, D and
Zx are computed as in (2)) using encoder g4, and then we form our final estimator as gg (ym[|zm[, D) .
In practice, the latter amounts to pushing z,. and the ICL samples within D through a single forward
pass of a Transformer architecture used for instantiating qg.

2.3 LIMITATIONS

Thus far schema-agnostic models (Ranjan et al.|[2025; |Wang et al., 2025; |Wu et al.,|2025) have only
been narrowly applied within small sets of RDBs for which varying degrees of pre-training and/or
fine-tuning were applied. Hence their applicability outside of this regime on fundamentally differ-
ent RDB types remains uncertain. Meanwhile for pure ICL-based models predicated on synthetic
generation during pre-training, no existing open-source frameworks are actually available for trans-
parent evaluation. We only have the unpublished closed-source KumoRFM approach (Fey et al.,
2025)) with key details of pre-training methodology and data generation missing; see Appendix [Al

3 A FOUNDATION FOR RDB FOUNDATION MODELS

Given the established track record of ICL-based single-table foundation models, we intend to push
similar principles into the more complex multi-table regime. In this regard, we will adopt an ICL-
based prediction head gy, where ICL samples within a given dataset share a fixed dimension as in
prior work. But we depart from existing foundation models in how we design our encoder g4, with
an eye towards mitigating any dependency on troublesome pre-training data collection.

Predictive Task A Predictive Task B

D126 B |08 2 D126 B | 2] 0

D2|18| c|o1| 2 D2|18|c| 2|1

D3| 43| A |02 2 D3| 43| A | 2 | 1

N /_/pMFK

FK/—/ D2 [100] ¥ FK D2 [100] v
3| bc|7.8]08] | D2| 84| v D3| DC|7.8]08] | D2 84| v
D2 | NY [6.1]07] | D3| 93 | N D2 | NY |6.1]07| | D3| 93| N
D2 | T |6.5]0.4| | 1D1]|107] Y b2 | T [6.5] 04| | D1 [107] ¥
D3| 56 | N D3| 56 | N

dark grey columns = uninformative for specified task

Figure 1: Example RDB (w/ K = 3 tables) where task-dependent column importance cannot be
determined at the encoder stage. ICL samples are needed to resolve the intrinsic column ambiguity.

3.1 AN RDB ENCODER SPECIFICALLY FOR ICL

Our guiding principle for RDB encoder design is as follows:

There is no free lunch; RDB subgraphs may be large so any encoder must compress some-
where. Our insight is that at the encoder level, prior to seeing labeled ICL samples, we
should only compress along the vertical dimension within table columns, where shared
units facilitate interpretable aggregation guided by known PK-FK relations. Meanwhile,
the encoder should not compress in the horizontal dimension across table columns, where
roles, data types, and predictive relevance are broadly different and yet indeterminate with-
out per-dataset/task label information. See Figure|T]for an illustration.

We formalize these considerations through a particular encoder definition targeting ICL application.

Definition 3.1. We define a JUICE encoder function gy, (for “just use intra column encodings”) if
there exists a function f, dependent on R, such that the following hold:

L zi. = {zu}{Z] = GuicelGr (2:.)] for all rows of X;
2. Foreachl € {1,...,d,} thereisak € {1,...,K}andj € {1,...,ds} such that
zy=fr (th) and z,; L T\tkj 3)
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Per this definition, if we convert each RDB subgraph to a fixed-length representation z;. using
JUICE, every column z.; in the stacked representation matrix Z is a function of just a single tabular
data column from the original RDB. Therefore each z.; reflects the identity and functional role of a
single RDB column, and no other. Arbitration of which columns are actually important for making
predictions is then deferred to gy, where access to ICL samples facilitates informed decisions.

3.2 A 1D GNN IMPLEMENTATION

We now address practical ways to actually construct JUICE embeddings. The high-level idea to first
split a given G (x;.) into separate 1D subgraphs associated with each tabular column dimension,
and then apply a specialized GNN to these subgraphs independently.

1D column-wise subgraph formation. For each tabular data column tkj we form the revised
subgraph QZ’j (;.), which is equivalent to G (i;.) but with truncated node features dependent only

on tkj Specifically, for nodes extracted from any arbitrary table T" | the original dj/-dimensional
row features are simply reduced to a 1D feature via

th, b, if K =k, otherwise tf, — 0, Vi (4)

By design, any encoder applied to the revised subgraph Ql;fj (z) will only depend on column tkj
retaining independence from all other RDB columns as desired. We describe a general procedure
for such encoder construction next.

Meta-path GNN layers. Although we have simplified our subgraphs via @), each g’;ﬂ (z;.)
nonetheless retains rich heterogeneous relationships through different PK-FK pairs within R. These
pairs determine a set of multi-relational meta-paths (Ferrini et al. [2024) between a target node de-
fined by a row x;., and the nodes associated with rows of other tables within a H-hop radius[]
Analogous to tabular data columns with varying relevance, prior to seeing ICL samples the encoder
cannot possibly know which meta-paths are most discriminative for a given predictive task.

A typical heterogeneous GNN (Busbridge et al., 2019; |Hu et al., [2020j Schlichtkrull et al., [2018])
would naturally interleave all of these meta-paths together in forming predictions. But this can be
counter-productive outside of the supervised learning setting, where back-propagated gradients re-
flecting supervision labels are available to selectively discount the less important meta-paths on a
dataset-by-dataset basis. Fortunately though, we can instead encode separate 1D representations
associated with each meta-path using a meta-path GNN. Subsequently gy equipped with ICL sam-
ples can determine relevance, as candidate meta-paths remain conveniently column-aligned in the
augmented feature space.

Given a length-H meta-path py extracted from gl’j;j (x;.), we initialize all 1D input-layer node

embeddings denoted 1+(°) using . From there, embedding updates (Ferrini et al.,[2024) for a node
v on layer h + 1 are given by

h
py ) = o (wé 'uM + agg {{w“”uff) }ueNWD » )

where agg is a permutation invariant aggregation function (e.g., sum, mean) and o is an activation

(e.g., linear, ReLU, leaky-ReLU, etc.). Additionally, ./\fifh) denotes the set of neighbors of node v
according to the relation or edge type associated with step h along H (Ferrini et al.}[2024). We also
assume meta-paths traverse each table at most once, before converting output layer embeddings to
elements of Z.

Resulting JUICE encoder design. Although not the most computationally efficient way to imple-
ment gj,.., We now summarize the constituent steps from a conceptual standpoint for transparency
(full implementation details and complexity considerations will be addressed in Section [3)):

1. Given a new RDB, select a row x;. from X = TX and initialize Zi. to ;..

2. Extract Gy (x;.) as in prior work on supervised RDB predictive models.

' A meta-path pys is a sequence of H edges connecting properly-typed nodes in g,k;j (). For example, on

purchased sold_by
an e-commerce platform we could have user ——— product —— seller.
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3. Choose a tabular data column tkj from within an H-hop radius of @;. over Gy (x;.), and
convert G (x;.) to Q];I’j (z;.) using @)

4. From within ij‘,’j (x;.), select a meta-path py between the node associated with row ;.
and the rows in table &, and propagate node embeddings using (3).

5. Collect 1D node embeddings associated with ;. from output layer and concatenate to z;..
6. Repeat the above, looping over meta-paths and data columns within H-hops of ;..

7. Output final embedding z;: = Giice[Gr (@i:)]-

If we compute JUICE embeddings for all rows of X as described above, the resulting Z will neces-
sarily satisfy Definition In fact, the interpretable column-wise information partitioning is even
stronger: Each column of Z so-constructed is actually a function of a single auxiliary data col-
umn and a single meta-path connecting the target node with nodes within this data column. This
organization dramatically simplifies the ICL stage, which need not disentangle useful and useless
dimensions that have been nonlinearly coupled through a traditional dense encoder.

Additional JUICE variations. There exist other channels for enhancing JUICE expressiveness
as well. Specifically, we may execute (5) with multiple different agg functions and concatenate the
results to obtain a richer set of column-aligned representations. Depending on the task, different
aggregations may be useful in sorting out various forms of homophily versus heterophily network
effects (see Appendix [D] for further background context and related discussion). For example, for
an RDB predictive task dominated by homophily relationships, mean or mode aggregation could
potentially be quite valuable. Meanwhile, stdev, entropy, or quantile aggregations could be suitable
for capturing a portion of network effects leaning in the heterophily direction. Concatenation of
multiple such aggregation functions has also been advocated in |Corso et al.| (2020), where it is
shown that a single aggregator alone cannot differentiate various non-isomorphic graph structures.

3.3 ENCODER TRAINING IS NOT NECESSARY

For a generic GNN or Transformer-based encoder with multi-dimensional node features, trainable
linear filters are critical for increasing performance. However, by design our situation only requires
1D node features, which facilitates helpful simplifications per the following:

Proposition 3.2. If o and agg are positively homogeneous functions, we initialize embeddings using

, and {wéh), w(h)} € R Vh, then without loss of generality (5) can be reparameterized with no
internal weights.

We remark that many of the most commonly used activations (e.g., ReLU, leaky-ReL.U, linear)
and aggregations (e.g., mean, sum, mode, min, max, stdev) are positively homogeneous, so this
requirement is not a significant limitation. Additionally, while assuming positive internal weights
does impose some modest form of constraint, sign information can be re-introduced by absorbing
into revised o and agg definitions. Multiple such variations can be incorporated into JUICE to
recover full expressiveness (in Section [3] we also advocate for inclusion of multiple aggregators).

As such, by virtue of Proposition[3.2] we can remove parameters from our 1D GNN implementation
of JUICE without any appreciable loss of expressiveness. Note that even if such a reparameterization
produces additional scale factors on the output layer (as opposed to internal weights), these can be
absorbed into gg. In fact, normalizing ICL feature dimensions (a common pre-processing tactic
(Hollmann et al.|[2025))) removes such scale factors anyway.

3.4 COMBINING JUICE wiTH SINGLE-TABLE ICL MODEL

By preserving column roles and identities (without conversion to traditional dense embeddings that
fuse cross-column units and network effects), ICL samples {z;.,y; }?; produced by JUICE retain
the canonical form for which single-table foundation models were originally designed. And crit-
ically, because this is achievable via a parameter-free encoding process, no additional RDB data
collection and pre-training steps are required at any stage if we simply pair JUICE with one of these
existing single-table models for instantiating the decoder gy, e.g., TabPFN (Hollmann et al.| [2025).

It is worth emphasizing that models like TabPFN are highly capable of processing multiple disparate
tabular feature columns, pruning away the unnecessary ones, and making predictions (Zhang et al.,
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2025a)); they are not especially sensitive to the specific marginal distributions of each column that
may change with vertical aggregations. As such, by construction JUICE largely preserves current
TabPFN advantages and can leverage future enhancements as well.

4 ANALYTICAL SUPPORT FOR JUICE

Prior to seeing ICL samples with labels, it is not possible for any dataset-agnostic encoder (meaning
one that has not undergone supervised training on a specific dataset) to determine from individual
subgraphs alone which constituent features are informative and which are not. This is because the
role and utility of any given feature itself, such as a column in an auxiliary table or a meta-path
connecting different entity types, can vary from RDB to RDB, and even from task to task within a
single RDB. In this section we further examine this fundamental limitation of fixed encoders in two
complementary respects as related to the ICL setting.

4.1 LIMITATIONS OF CROSS-COLUMN DENSE EMBEDDINGS

We first consider a simplified data generation scenario introduced to isolate the consequences of
using compressed embeddings from an arbitrary dense encoder. Similar consequences emerge from
more complex setups as well at the cost of presentation clarity.

Definition 4.1. We define D() as a dataset generated using a function 7 : R* — R as follows.
First draw samples ;. € R? from some p(z;.), where i = 1,...,n + 1 and p(z) is assumed to
be an absolutely continuous distribution satisfying pmin < p(€) < Pmax forall z € X d We
next select a set of x indices from {1, ..., d} uniformly at random (without replacement) and form
reduced features ;, € R*. And finally, we compute labels y; = 7(;.) for all i. We then reserve
{@;.,y; }1, for ICL while treating sample 1 + 1 as { @y, Yiest } -

By design of this generative process, uninformative features correspond with dimensions of ;. that
have been pruned in forming the reduced set &;., which alone is relevant to predicting y; within any
given dataset. In the context of supervised training involving a single dataset draw, it is natural to
learn compressed encoder representations z;; = g4(x;.) € R” with k < r < d. For example, an
ideal scenario would have this encoder simply learning to discard all unnecessary dimensions of the
original features x;., such that making optimal predictions with the resulting compressed represen-
tation z;. &~ x,. is substantially easier. As a stark contrast, such simplifying encoder compression is
not generally possible when we turn to ICL settings:

Proposition 4.2. Assume 7 : R® — R is affine, with weights in general position. Then for any
n > kK, there exists a fixed ICL a’ecoderE] fo such that

|ylesl - f9 ({m’i:y .%‘}?:17 wlesl) | =0 (6)

with probability one over datasets D(r) generated according to Definition Meanwhile, for any
r < d, and any possible fixed encoder-decoder pair {gg, [}, we have

|ytest - fé ({zi:a yi}?:lv ztest)| > Oa z = gqﬁ(x) S R" (7)

with probability at least 1 — (2) / (ﬁ) over the same data generative distribution.

This result can be generalized to nonlinear data generation schemes and further elucidated with more
precise error bounds. However, the core message of Proposition is straightforward and can be
conveyed without these extensions: Ideal per-dataset compression of informative and uninformative
feature columns is not possible with an encoder that must remain fixed across a distribution of input
datasets, where column roles are subject to change.

4.2 SAMPLE COMPLEXITY CONSIDERATIONS

In Section .1 we assumed an encoder stage that formed dense, compressed representations with
dimensionality 7 < d. We now turn to the case where r = d, i.e., no enforced compression across
feature columns. In this regime we examine the degree to which a dense encoder gy may still
negatively influence the sample complexity required to achieve a given estimation error.

?Each such generated ;. can be viewed as a set of features collected from one or more tables.
3For simplicity in this section, we adopt a deterministic decoder fy, as opposed to the probabilistic version
qe introduced earlier.
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At first glance this possibility may seem counter-intuitive. After all, during the training phase
encoder-decoder pairs {g, fo} can (in principle) learn to coordinate in such a way that a param-
eterized g4 producing dense cross-column representations is helpful. This is certainly true for new
inference tasks that lie well within the distribution of the pre-training data. However, most real-
world applications of ICL will inevitably deviate from this (likely synthetic) distribution, and it is
here that a complex, parameterized encoder (as distinct from the decoder) can introduce problems.

To better understand this phenomena, we note that single-table ICL via a decoder alone can be
relatively stable to distribution shifts (Zhang et al., |2025a), and asymptotically consistent under the
right conditions (Nagler,2023)). In principle then, we can still obtain reasonable results even for new
datasets that may substantially differ in distribution from a synthetic training set. Now consider the
addition of an encoder, which sees only a single input feature vector at a time, not the full set of ICL
samples; an OOD input here can induce a substantially different encoder representation. And yet
the encoder’s behavior is only “known” to the decoder indirectly over the support of the pre-training
data. And so from the decoder’s standpoint, such a representation can lose any coordinated char-
acteristics that might otherwise reduce estimation difficulty or sample complexity. In other words,
in OOD regimes the encoder can essentially behave like an unknown transform, and if uninforma-
tive features exist within the original column-wise frame of reference, they will now be mixed by a
process unknown to the decoder.

This difference can be dramatic. Working in the original feature frame leads to a sample complexity
scaling with an exponential dependency on x (the number of informative features), while the OOD
encoder can push this rate to be much worse, scaling exponentially with d (the ambient dimension),
even on the simplest of estimation problems. We quantify this phenomena as follows; see also
Appendix [B| for empirical corroboration.

Proposition 4.3. Let F denote the set of Lipschitz continuous functions on [0, 1]*. Then there exists
an ICL decoder fy such that (excluding smaller-order terms) we have

TsrlelI;]ED(”)Np [y’“’ — fo({zi, yi}ioy, :L‘,m)} e (n—2/~) (8)

where the data distribution p is given by Deﬁnitionwith X =10,1]. In contrast, with & = 1 and
y = I, we have 9
1Ilf sup ED(?T)NP |:ytesz - f@ ({zi:7 yi}?:lv zm,>:| == @ <n72/d) (9)
fo gs€EB

where z = g, () represents an encoder selected from the set of bi-Lipschitz bijections B mapping
[0,1]% — [0, 1]

5 RDBLEARN: A LIGHTWEIGHT RDB TOOLKIT

We develop the open-source package RDBLear to operationalize the merger of JUICE with single-
table foundation models as advocated in Section[3.4] The result is an easy-to-use RDB toolbox with
no training required. See|Zhang et al.[(2026) for specifics of RDBLearn usage and design, including
its optional agent-specific interface. We highlight several attributes here:

* Intuitive interface: The programming interface is designed to mirror the underlying formulation:
core objects in the API correspond with concepts such as the relational database context {7, R},
ICL samples D, and per-instance relational neighborhoods Gy (). This makes it straightforward
to relate experimental configurations and results back to modeling assumptions.

* SQL-backed JUICE optimizations: We implement JUICE principles using DFS primitives (Kanter
& Veeramachaneni, [2015)) through SQL execution over relational tables, leveraging the database
engine for joins and aggregations. System optimizations include: (i) Translating feature synthesis
primitives into SQL queries with aggregation pushdown; (ii) Reusing intermediate results through
caching or incremental materialization; and (iii) Compiling cutoff-time constraints into the SQL
execution plan to avoid temporal leakage when predicting future targets.

* ICL-model agnostic design: Any single-table ICL predictor that follows the scikit-learn estimator
interface can be directly incorporated. This supports controlled comparisons and upgrades under
the same relational pipeline.

*https://github.com/HKUSHXLab/rdblearn
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» Temporal OOD reduction: While base ICL predictors like TabPFN have been applied to fore-
casting tasks (Hoo et al., 2024), this requires introducing an array of cyclic temporal features to
avoid OOD effects from unseen time stamps in the inference window. We sidestep this issue by
encoding relative temporal differences rather than absolute times when forming ICL samples.

6 TESTING WITH REAL-WORLD RDBS

For all experiments, RDBLearn extracts JUICE embeddings and converts to ICL samples using
official benchmark training splits. We then choose H € {2, 3} and the RDBLearn base model from
TabPFNvV2 (Hollmann et al.} 2025)), TabPFNv2.5 (Grinsztajn et al.,2025)), and LimiX (Zhang et al.,
2025b) using dev sets (although RDBLearn is stable across these choices as shown below). No other
hyperparameters or tuning is involved. Appendix |E|contains additional experiment details.

no supervised training
LLIM-A  LIM-B  RellLlM Griffin RT  KumoRFM RDBlearn RelGT

rel-amazon item-churn 62.1 71.96 64.1 719 743 79.93 82.07 82.55 = =

user-churn 58.1  60.56 60.07  64.1 652 6729 6757 70.39 H2 RS
rel-avito  user-clicks 59.8 6132 6228 459  60.8 6411 69.04]  68.30 e 7394 | 74.55

user-visits 627 6028 5617 622 62.6/ 6485 6549  66.78
rel-hm user-churn 59.8 6434 5595 60.4 63.1 6771  68.05 69.27 va"zps‘;‘ 72.08 | 74.30
rel-stack user-badge 80.0 71.13 62.12 82.3 83.6 80.00 85.26 86.32

user-engage 78.0 8101  69.46 89.4 87.8 87.09  89.39 90.53 Limix | 73.08 73.74
rel-trial study-outcome 57.4 55.72 59.02 57.2 60.1 70.79 71.58 68.61

mean 64.74 6579 6115 6668 6960 7272 7481 75.34)

Figure 2: Left: Entity classification results (AUC) on RelBench; yellow is best, orange is second
best among untrained models. Right: RDBLearn ablation (mean AUC on RelBench).

Baselines. We compare against the schema-agnostic RT (relational transformer) (Ranjan et al.,
2025), Griffin (Wang et al., 2025), and RelLLM (Wu et al., [2025)) models, all of which were pre-
trained using the RelBench datasets (Robinson et al.,[2024b)). As for pure language model baselines,
we report results from LLM-A (Team et al., 2025) (as tested in |Ranjan et al.|(2025))) and LLM-B
(Wydmuch et al., [2024)); both of these rely on serialized RDB neighborhood representations and/or
ICL samples, and both can operate without any RDB pre-training or per-dataset fine-tuning on clas-
sification tasks. Although not a verifiable baseline, for reference we also include the closed-source
KumoRFM industry model (Fey et al., 2025). And finally, as a representative contrast outside of
the foundation model scope of the others, we consider RelGT (Dwivedi et al., 2025), a SOTA fully-
supervised approach that shares the same dense encoder as KumoRFM. In this way, at a conceptual
level the key distinction between KumoRFM and RDBLearn lies in the choice of encoder, with the
latter alone based on JUICE foundations from Sections |3[and [4] All model hyperparameters were
optimized per the specifications in prior work.

RelBench classification results. Figure 2)/eff) presents results on the RelBench datasets, exclud-
ing rel-event and rel-f1, both of which have label leakage concerns noticed by ourselves and others
(see Appendix [E] for details). Overall, RDBLearn outperforms prior foundation models, and is the
only RDB foundation model that is competitive with the fully supervised RelGT approach. This
is notable given that RDBLearn is only exposed to synthetic single-table data (during pre-training
of the tabular base model); in contrast RelLLM, RT, and Griffin (and possibly others) have been
exposed to each of the actual benchmarks as part of the pre-training adopted to produce the results
in Figure[2] See Appendix[A]for further discussion of these models w.r.t. zero-shot learning.

RDBLearn stability. Figure {right) demonstrates the stability of RDBLearn as the base tabular
prediction model and encoder hops H are varied on the same RelBench tasks. Notably, for every
combination except one the performance exceeds all other RDB foundation models from Figure 2}

RelBench regression results. Regression poses a unique set of challenges to RDB foundation
models, and prior work often concedes that regression results are unsatisfactory without per-dataset
fine-tuning, particularly for LLM-based approaches (Wu et al.l |2025; [Wydmuch et al., |2024). For
this reason we have fewer baselines to compare against, which are further compromised by incon-
sistent metrics and reproducibility issues. Hence Figure [3[/eft) compares only against KumoRFM
(and RelGT for reference), as no other foundation models are directly comparable (see Appendix



Published as a paper at 3rd DATA-FM workshop @ ICLR 2026, Brazil.

[E] for discussion of disanalogous Griffin and RT results). We remark that RDBLearn matches Ku-
moRFM performance, and is even competitive with supervised RelGT, despite no regression-specific
modifications or adjustments. It is unknown what regression allowances and/or regression-specific

real-world pretraining data have been incorporated into KumoRFM.

KumoRFM RDBLearn RelGT M = supervised per dataset

rel-amazon item-ltv 55.254 48.559 48.922 § 6 = foundation model

user-ltv 16.161 14.540 14.267 ::T 5
rel-avito ad-ctr 0.035 0.034 0.035 E’ 4
rel-hm item-sales 0.040  0.064] 0.054 g,
rel-stack  post-votes 0.065 0.068 0.065 %2
rel-trial site-success 0.417 0.424 0.326 f;" .

study-adverse 58.231 43.913 43.992 .

normalized mean 1.088 1.074] 1.000 fo\ @‘r’@\ &&“’&#& 1%@\7@& é@:@@\\ig @A\w f@\,&

Figure 3: Left: Regression results (MAE) on RelBench. Right: Classification ranking on 4DBInfer.

Additional 4DBInfer comparisons. Prior work on RDB foundation models has focused on Rel-
Bench tasks as above. However, to further establish the native versatility of RDBLearn, we apply
our identical pipeline (again with zero modification whatsoever besides coupling with a suitable
data loader) to the classification tasks drawn from the 4DBInfer benchmark (Wang et al.,[2024). We
compare against a suite of heterogeneous GNN and graph Transformer models specifically adapted
for this benchmark with multiple graph extraction techniques; each such approach also benefits from
per-dataset supervised learning and extensive hyperparameter optimization (see Appendix [E). Re-
sults are shown in Figure [3(right), where RDBLearn exhibits strong performance without training,
leading to orders of magnitude greater efficiency (see Appendix [E).

oylcL

supervised learning<j

2 Givice — 9o

H_/
° lIII-.--'
=2

RelBench classification datasets

AUC difference

RelBench classification datasets

Figure 4: Performance inversion of JUICE embeddings.

JUICE is worth the squeeze. If the principles underpinning JUICE (as used by RDBLearn) are
sound, then we should expect a notable gap in performance when we contrast supervised learning
versus ICL usage. Specifically, in the SL regime we should expect that an expressive parameterized
9o dominates g, while the situation should largely flip when we turn to ICL cases. To empirically
explore this phenomena, which has not been previously recognized, we consider the KumoRFM
ICL model and the supervised RelGT model, both of which share the same g,. Meanwhile, for g
we can pair with both an ICL decoder (as within RDBLearn) and a strong supervised prediction
head such as AutoGluon (Erickson et al., 2020). Given these four model instantiations, we plot the
corresponding g — g4 performance differences split across SL and ICL cases in Figure El The
outcome closely conforms with the expected performance inversion. In Appendix [C| we repeat an
analogous experiment drawing on data from prior ICL-based graph foundation model studies; the
outcome is similar. These results demonstrate the wider relevance of treating JUICE as an end goal,
and not merely a simplifying approximation.

7 CONCLUSIONS

For RDB supervised learning, conventional wisdom points towards expressive parameterized en-
coders for converting variably-sized subgraph information into dense discriminative representations
for end-to-end training. Meanwhile more traditional parameter-free RDB featurization steps are of-
ten viewed as outdated heuristics. However, we have argued that these designations need not hold as
we move to ICL-based RDB foundation models. We ultimately exploit these findings through our
RDBLearn toolbox, obviating the need for any complex pre-training or RDB data collection.
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A EXTENDED RELATED WORK

Although we have already cited key references needed to understand and contextualize our contribu-
tions in the main text, there are several additional points worth bolstering here along with supporting
references.

Growing relevance of RDB predictive modeling. As of 2026, the majority of database manage-
ment systems are relational}’| and the information stored within contains countless possibilities for
predictive modeling. Traditionally, developing such models was predicated on some form of propo-
sitionalization (Chepurko et al.,[2020; Kanter & Veeramachaneni,|2015;|Kramer et al., 2001; |[Kramer
& Bessierel [2020; Kumar et al. [2016; Liu et al., 2022), whereby fixed-length features are first ex-
tracted and aggregated within a single table such that standard tabular learning models can then be
applied. The latter range from diverse boosting approaches (Chen & Guestrin, 2016} Ke et al., 2017
Prokhorenkova et al., |2018) to deep learning frameworks like DeepFM (Guo et al., [2017), SAINT
(Somepealli et al., [2021)), and FT-Transformers (Gorishniy et al., 2021)).

More recently, with the advent of graph neural networks and wide-ranging graph Transformer mod-
els, there has been a notable shift towards end-to-end systems applied to graphs extracted from
RDBs (Cvitkovic, [2020; Dwivedi et al., 2025; [Fey et al., 2023; |PeleSka & §1’r, 2025; Wang et al.,
2024;[Zahradnik et al.|[2023; |Zhang et al., 2023a)). The underlying graph extraction process has also
been the subject of ongoing exploration specifically for improving RDB prediction quality (Chen
et al.| [2025; |Choi et al., 2025a; |Gan et al., |2024)). Of particular note, it has even been posited that
the relevance of graph learning as a research domain in and of itself will fade unless focus is redi-
rected towards (among other things) data originating in RDBs (Bechler-Speicher et al.| 2025). For
now though, evidence collected thus far suggests that in supervised settings, these recent end-to-end
relational frameworks generally tend to outperform propositionalization, and conventional wisdom
treats the latter as a bottleneck to be avoided where possible (Dwivedi et al., 2025). Of course as we
have shown both analytically and empirically, this need not still be the case when we turn to foun-
dation models like RDBLearn formulated through ICL. See also Appendix [C|where we broaden the
scope of these observations to graph foundation models.

ICL and synthetic pre-training for RDB learning. For pure ICL-based RDB foundation models
based on synthetic generation during pre-training, there is presently only the KumoRFM approach
(Fey et al., |2025). However, as a closed-source model there are few details available that might
otherwise enable thorough assessment by the research community. For example, while pre-training
was achieved using a mixture of synthetic and real-world RDB data, it is unclear to what extent the
real-world portion maintains structural or task similarity with the limited evaluation benchmarks.
This calls into question how generalizable KumoRFM actually is in practice. Nor is the synthetic
generation pipeline used by KumoRFM available for scrutiny that might inform its potential for
widespread efficacy. We remark that generating synthetic RDBs that reflect real-world properties is
challenging, with unavoidable dependency on extra relational dimensions of variability not shared
by successful single-table models (Gan et al., |[2024).

Zero-shot possibilities. Mirroring ambiguity shared across the graph learning literature (Eremeev
et al.,|2025a} Xia & Huang} [2024;|Xia et al.|[2024), there does not appear to be a widely agreed upon
definition of what constitutes true zero-shot RDB predictive modeling. Broadly speaking though,
zero-shot learning refers to settings whereby the model must predict test samples involving classes
that were not available during training. This is possible in situations where there exists suitable
auxiliary information (e.g., textual attribute descriptions) that implicitly differentiate new classes.

In the context of RDBs specifically, the relational transformer (RT) model has been framed as pos-
sessing zero-shot capabilities, provided zero-shot relational learning is defined as “predicting new
targets on a new RDB with a new schema, without weight updates” as proposed by [Ranjan et al.
(2025). Per this definition our RDBLearn framework would also technically qualify as zero-shot.
But in such relational cases the auxiliary information relied upon for making predictions (by both RT
and RDBLearn) includes exposure to entity labels with earlier time-stamps, e.g., from the entity we
wish to classify and/or those extracted from prescribed neighborhood(s). This setup is conceptually

Shttps://db-engines.com/en/ranking_categories
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a bit like label propagation on a temporal graph, which is not universally recognized as zero-shot
per se, although admittedly it is reasonable to consider broader definitions as long as stipulations are
clear.

Regardless of definitions, if RT pre-training is not explicitly conducted using each test RDB, the
performance drops appreciably, even approaching a naive baseline whereby the historical entity
mean serves as the prediction. For example, on RelBench classification tasks, this historical mean
estimator achieves 66.7 average AUC, while comparable RT performance is 70.1 AUC; see Table 1
in Ranjan et al.|(2025)). In contrast, if we strictly enforce no target labels (past or present) available
at inference time as a requirement for zero-shot relational learning, then the Griffin model (Wang
et al., 2025 still technically qualifies, although performance without per-dataset fine-tuning is not
competitive (64 average AUC under equivalent settings).

Finally, the RelLLM model (Wu et al., [2025) has also been described as a zero-shot learner when
per-dataset fine-tuning is omitted. However, RelLLM is still pre-trained over the very same Rel-
Bench datasets upon which testing is conducted (even if the pre-training targets may vary). More-
over, without per-dataset fine-tuning, RelLLM falls behind even Griffin (63.2 average AUC). We
reiterate though, outside of the definition proposed by |[Ranjan et al.[ (2025), our RDBLearn would
generally not be considered a pure zero-shot method given its reliance on ICL samples. Even so, un-
like these other approaches, RDBLearn does not depend on seeing the actual inference-time RDBs
during pre-training to achieve SOTA performance. Rather, it is entirely based on a synthetic pre-
training pipeline whereby there is no possible leakage or favorable bias introduced from inference-
time RDBs.

B EMPIRICAL CORROBORATION OF DENSE ENCODER PERFORMANCE

100 100
> 090 T 7T T - - >
[} o
o o
3 3
o o
@o @ o

0 = 0s0 =
—4— without cross-column encoder —— without cross-column encoder
with cross-column encoder with cross-column encoder
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number of added uniformative features number of added informative features

Figure 5: Impact of adding uninformative (leff) versus informative (right) feature columns; results
averaged over 100 trials.

To further explore our analytical findings from Section 4] we conducted the following simulation
study involving two distinct testing scenarios. For the first, we initially generate ICL samples
{X,y} = {@i,y;}?_,, where elements of X are drawn iid from A’(0,1) and y; = I[1/(1 +
exp[—w—'—wi:])] is a binary class label. The weight vector w is also drawn iid from N (0, 1). For all
i we then compute representations z;. = g, (;.) that mix cross-column information (unlike JUICE).
This encoder is composed of a randomized linear filter, followed by a leaky-ReLLU nonlinearity, and
another random linear filter. By design this encoder representation is invertible so no information is
lost.

We next compute the ICL-based prediction accuracy of a decoder fy (implemented here via
TabPFNV2) at new test points { @i, Y} as additional uninformative columns are randomly in-
serted into X and the corresponding elements of x,.y. We repeat the same procedure using ICL
samples {Z, y} evaluated at corresponding test points {Z s, Yies }- Figure B[left) displays the results
(averaged over 100 independently generated datasets for each plotted point) with and without the
addition of encoder g4. Of particular note, when no uninformative features are added (i.e., where
the x-axis is zero on the left-hand plot), the encoder mixing has no appreciable effect; however, as
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more distracting columns are added, a clear negative trend emerges as expected per the analysis of
Section 4]

Meanwhile, our second testing scenario operates as a form of control. Specifically, instead of adding
uninformative features to X as before, we now introduce additional columns upon which a revised
y computation now explicitly depends (this is accomplished by extending the length of w during
generation). In this regime, the core prediction problem naturally becomes harder, since the decision
function becomes increasingly complex and high-dimensional. But critically, the inclusion of the
cross-column encoder now has little effect as shown in Figure [5(righr). This is because the encoder
is no longer mixing informative and non-informative features that would otherwise complicate the
predictive task faced by fj.

C LESSONS FROM GRAPH FOUNDATION MODELS SUGGEST THAT JUICE Is
WORTH THE SQUEEZE

In Figure [ from Section [6] we empirically demonstrated how the relative performance between a
dense parameterized RDB encoder g4 and our g;,;.. dramatically shifts when moving from supervised
learning to ICL settings. Ideally we would like to extend these results via testing over additional
RDB foundation models beyond KumoRFM, upon which Figure f]is based. However, because no
other comparable frameworks exist, it is unfortunately not possible to do so without developing our
own completely new synthetic generation and pre-training pipeline specific to RDBs. Of course it
remains an open question how to actually implement these modules, and well beyond the scope of
this paper (recall that KumoRFM is a closed-source industry model with an undisclosed pre-training
process).

Fortunately though, there does exist work on graph foundation models that we can leverage to boot-
strap an analogous comparison, allowing us to further establish that the SL-to-ICL performance
inversion predicted by our analysis represents a wide-ranging phenomena. Although not a per-
fect surrogate, data from homogeneous attributed graphs can be viewed as isomorphic to simplified
RDBs involving a single data table type.

To this end, we now introduce a novel re-combination of performance results from the GraphPFN
model (Eremeev et al., 2025b), which relies on a dense parameterized encoder g, to compress
neighborhood subgraph information, and the G2T approach (Eremeev et al.| 2025a)), which uses a
parameter-free encoder with similarities to JUICE. We loosely refer to the latter as g, as neigh-
boring node features are aggregated in a column-wise fashion; likewise for additional structured
features such as node degree and PageRank score.

What is particularly attractive about this setup is that we have access to performance results whereby
the core ICL decoder is shared across all models. This restricts variation along the two dimensions
we wish to probe, namely, the g — g, performance (difference) under supervised learning, and
e — 9o under ICL. This is possible because the GraphPFN model is pre-trained from a LimiX
check-point (Zhang et al., [2025b)), and results from Tables 2 and 3 in [Eremeev et al.| (2025b)) cover
both ICL and fine-tuning (i.e., per-dataset supervision) cases. Meanwhile, these same tables include
a LimiX version of G2T under the same conditions. Hence we pull these results and compute the
respective differences stratified over each dataset and learning type as shown in Figure[6](the number
of supervised learning datasets is fewer since some cases ran OOM).

Just as in Figure [d which involves completely different datasets and models, Figure [6] reveals the
same clear performance inversion predicted for JUICE-based embeddings. This consistency helps
solidify our conclusions and widens the applicability of underlying JUICE design principles, sug-
gesting that even in the realm of graph foundation models, dense parameterized encoders (and atten-
dant pre-training data collection) need not be necessary, at least outside of fine-tuning or supervised
training regimes. We also remark that graph foundation models relying on parameter-free graph
features served to single-table foundation models (like G2T) have been proposed in multiple con-
current works (Choi et al., 2025b}, [Eremeev et al., [2025a} Hayler et al., [2025). However, in all of
these cases the design is motivated by simplicity and guided by natural precursors from supervised
graph learning (Frasca et al.| [2020; Yoo et al., 2023). Unlike herein, prior work does not establish
formal principles for grounding such approaches, nor explicit elucidation of the critical distinction
between supervised and ICL usage thereof.
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Figure 6: Performance inversion of JUICE-like embeddings on homogeneous graph datasets. Each
bar plot is based on results extracted from [Eremeev et al.| (2025b) involving GraphPFN and G2T
models formed with a LimiX ICL decoding architecture.

D ARBITRATING HOMOPHILY VS HETEROPHILY RELATIONSHIPS

Analogous to the feature- and meta-path-level ambiguities already discussed in the main text, there
exists additional sources of uncertainty with respect to how network effects manifest in RDB pre-
dictive tasks. Depending on the task and dataset, unknown labels may be influenced by either
heterophily or homophily relationships between neighboring nodes captured by distinct meta-paths.
In the context of heterogeneous graphs defining RDB relations, homophily refers to the tendency of
neighboring nodes of the same node type (not necessarily 1-hop neighbors) sharing the same label,
while heterophily represents the converse. Differentiating such network effects is possible during
supervised training on a per-dataset basis as gradients back-propagate through gy to g,. In this way it
is possible in principle for a single architecture, albeit with dataset-specific weights, to handle vary-
ing degrees of homophily on a case by case basis. But the ICL setting is completely different. When
no per-dataset label-aware gradients flow to gy, the encoder is blind to the importance of distinct
meta-paths or the extent to which homophily vs heterophily dominates, and therefore is incapable
of selectively preserving features that favor one effect over another. Hence suitable representations
for both scenarios are needed prior to the ICL decoder. The JUICE philosophy suggests that these
should be confined to distinct columns to the extent possible, such that subsequent ICL-based de-
coding is not unduly complex. Exploring this topic further represents an interesting direction for
future research.

E EXPERIMENT DETAILS

E.1 RDBLEARN SETUP

Encoding settings. For instantiating JUICE, we fix the activation function o to be linear
and choose agg functions {sum, mean, mode, min, max, std} for continuous-valued columns and
{counts, mode} for categorical columns. These common/intuitive selections remain unchanged
across all benchmarks, datasets, and tasks reported herein. We explicitly enable date/time features
encoded as temporal differences to reduce potential OOD effects. However, we have chosen to sim-
ply disable all raw text, special text, and n-gram features. Interestingly, RDBLearn still achieves
SOTA foundation model performance without these, indicating that textual attributions may not be
central to making good predictions on current benchmarks (certainly this is often true of tabular data
more broadly). In the future though, we can of course easily include a pre-trained language encoder
to featurize text analogous to any other column type to further boost prediction quality.

ICL Decoder settings. We evaluate three foundation model variants for the RDBLearn ICL-based
decoding step:
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1. TabPFNv2 (checkpoint: tabpfn-v2-classification/regression-finetuned-zk73skhh);
2. TabPFN v2.5 (checkpoint: tabpfn-v2.5-classification/regression-default);
3. Limix (checkpoint: LimiX-16M).

For consistency over all benchmarks we randomly down-sample training splits to 10k. Although
some ICL base models can handle up to 50k samples, and this limit is regularly increasing, we
found that 10k was sufficient for good performance.

Equipment. All experiments were conducted on a single NVIDIA 4080 GPU with 32GB memory.

E.2 RELBENCH TESTING

We follow the official temporal splits (train, dev, test) from Robinson et al|(2024b) to facilitate di-
rect comparison with existing published work. Moreover, results presented herein represent tuned
models as reported by original authors with one exception. Griffin model results in Figure[2] were ob-
tained from Ranjan et al|(2025)), where head-to-head alignment with the relational transformer was
conducted under so-called zero-shot settings (see Appendix |Al for further discussion of zero-shot
definitions). The Griffin paper itself (Wang et al., | 2025) does not include this type of experimenta-
tion, focusing more on optimizing performance through per-dataset fine-tuning.

Benchmark leakage issues. As part of RelBench (Robinson et al., 2024b), the rel-event dataset
has been found to have temporal leakage issues (Ranjan et al.,[2025)). There is also reason to believe
that rel-fl may be compromised as well, given that fine-tuned models are capable of essentially
perfect accuracy (99.61 AUC) despite these data being tied to sporting events (F1 racing) with non-
negligible degrees of uncertainty over temporal splits. For these reasons, and following related
studies elsewhere, we omit rel-event and rel-f1 from our empirical comparisons.

Regression reproducibility. Although promising RelBench regression results are reported in|Ran-
jan et al.|(2025) for a reduced set of models, the MAE metric is not used (e.g., as was used previously
by KumoRFM). Moreover, for most datasets we were not able to reproduce the reported R? metric
results even for the simple baseline “entity mean” estimator (and at the time of this writing, public
code is not available for doing so)E] The two exceptions are the rel-trial dataset tasks, namely, site-
success and study-adverse. On these two datasets RDBLearn outperforms both Griffin and RT as
shown in Figure

Griffin RT RDBLearn
site-success 2.6 5.2 5.5
study-adverse -2.5 3.4 20.0

Figure 7: Regression results (R? scores, higher is better) on rel-trial tasks from RelBench.

E.3 4DBINFER TESTING

Following Wang et al| (2024), we adopt baselines formed from widely-used heterogeneous GNN
architectures, including R-SAGE or R-GCN (Schlichtkrull et al.,|2018), R-GAT (Busbridge et al.,
2019), HGT, (Hu et al., 2020), and R-PNA (Corso et al., [2020). Each model type is then inde-
pendently paired with each of two graph extraction techniques. The first is R2N (row-to-node),
initially introduced by |Cvitkovic| (2020) and discussed in Section The second is R2N/E (row-
to-node/edge) as detailed in|Gan et al.|(2024). The importance of exploring multiple graphs is now
well-established (Choi et al., [2025a). Collectively, this results in a total of 8 baselines as listed in
Figure[3|right). Other more traditional baselines reported inWang et al.| (2024) have generally worse
accuracy than these.

SWe remark that the entity mean represents a critical signal for the RT model as shown in ablations from
Ranjan et al.| (2025)).
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For specific datasets, we focus on 5 of the 4DBInfer classification tasks. These include click-
through-rate prediction on Outbrain (mjkistler et al., 2016), user churn on Amazon Book Reviews
(Ni et al.| [2019), user churn and post popularity prediction on StackExchange[] and conversion pre-
diction on RetailRocket (Zykov et al., [2022). For reference, the raw results across all baselines and
tasks are shown in Figure (8]

Dataset Task GAT(R2N) GAT(R2N/E) HGT(R2N) HGT(R2N/E) PNA(R2N) PNA(RZN/E) SAGE(R2ZN) SAGE(R2N/E)| RDBLearn
Amazon Churn (AUC ) 0.7622 0.7192 0.773 0.6864 0.7645 0.7157 0.7571 0.7314 0.7741
Outbrain CTR-100K (AUC +) 0.6146 0.6308 0.626 0.6323 0.6249 0.6322 0.6239 0.6271 0.5447]
Retailrocket CVR(AUC 1) 0.8284 0.7536 0.8495 0.8342 0.8367 0.8427 0.847 0.8091 0.8469
StackExchange  post-upvote (AUC 1) 0.8853 0.6883 0.8817 0.6603 0.88%6 0.7045 0.8861 0.6798 0.8845

user-churn (AUC 1) 0.8645 0.8528 0.867 0.856 0.8664 0.8657 0.8558 0.8485 0.8796]

Figure 8: Raw AUC values for 4DBlnfer classification tasks used in producing Figure [3(right).

Timing considerations. For many baselines, direct timing comparisons are elusive because of
different computing environments and other confounds. That being said, we have confirmed that
a single training run involving 4DBInfer baseline models described above operates on the scale of
10% — 10* seconds. Combined with the 100-fold hyperparameter sweep (e.g., covering number of
layers, hidden dimension, learning rate, etc.) needed to achieve reported results, the overall budget
enters the 10° — 10° second range. Meanwhile on comparable machines (a single NVIDIA 4080
GPU with 32GB memory) total RDBLearn latency with the same benchmarks is on the order of
102 seconds. This latency can be improved with further optimizations, but doing so lies outside the
scope of the present work.

F TECHNICAL PROOFS

Proposition F.1. If o and agg are positively homogeneous functions, we initialize embeddings using

, and {w(()h), w(h)} € Ry Vh, then without loss of generality (5) can be reparameterized with no
internal weights.

Proof: We begin by examining two special cases and assuming that o and agg are positively homo-
geneous of degree 1. First, if ug,h) = 0, then the node v update from (5} is equivalent to

(h+1) _ (h),,(h) — a(R) (h)
ul a(agg {{w ul }uEWD w a(agg {{u }uemD (10)

since both ¢ and agg are positively homogeneous and w® > 0 by assumption. Alternatively, if
instead J\/’v(h) = (), meaning node v has no neighbors at point / on the meta-path, then

P = o (wf ) = wfo (u). (an

By definition of any H-hop meta-path and our corresponding meta-path GNN, we execute (3) H
times. Combined with the proposed initialization strategy given by (4) and assumption of no loops
along meta-paths mentioned below (5), every propagation step that results reduces to either (I0)

or l| To see this, note that at any step h along a meta-path, by definition ./\fv(h) only depends
on a single active edge-type for all v, so any given node can only have neighbors once along a
meta-path; elsewhere the update reduces to (II). And for a node having neighbors at a specific
step along a meta-path, the corresponding node embedding prior to seeing neighbors will be zero
by virtue of the initialization scheme. In this way, when neighbors do occur, (I0) prevails. Hence
the final embeddings produced at each node associated with rows of X will be compositions of
(I0) and (TI). Given that a composition of positively homogeneous functions is also positively
homogeneous, all weights can be pulled out in front without loss of generality. ]

"nttps://data.stackexchange.com/
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Proposition F.2. Assume 7w : R® — R is affine, with weights in general position. Then for any
n > K, there exists a fixed ICL decoder fy such that

Ytest — f@ ({wiH yi}?:17 wtext) ’ =0 (12)

with probability one over datasets D(w) generated according to Definition Meanwhile, for any
r < d, and any possible fixed encoder-decoder pair {gg, f}}, we have

Yrest — fé ({zi:a yi}?:h zlest)| > 07 z = g¢(m) S Rr (13)

with probability at least 1 — (2) / (ﬁ) over the same data generative distribution.

Proof: We split the proof into two parts.

Establishing (I2). By assumption, the stacked ICL samples are generated as y = Xw + b =

Xw + b, where w € R” and b € R are affine model parameters associated with 7. Meanwhile w
is simply w padded with d — k zeros. From here, we first assume the k < n < d. Let X,, denote
any set of n columns selected from X. Per the sampling process used to generate X, it follows
that rank[ X ,,] = n almost surely for any such X,,; for reference, this is equivalent to the condition
spark[ X] = n + 1 almost surely (Donoho & Elad, [2003). Note that if it were that rank[X,,] < n
with non-negligible probability, then it must be that p(X ) has unbounded density on a subspace

within R?, which is disallowed by construction.

Then, by extension of Lemma 2 from Wipt & Rao| (2004), it follows that y — b = Xw is the
unique equality involving a sparse weight vector satisfying ||w]|o < m. Hence the decoder can
check each combination of n columns of X extracted from ICL samples to see if a sparse w vector
allows for reconstructing observable labels y (note that there are more efficient ways to obtain w
with additional assumptions; however, this is not necessary here for the proof). As any vector w
so-obtained is unique and aligned with the ground-truth process, the model can then predict ¥
label at any test point x..

Lastly, if n > d, then rank[X] = d. Hence the ground-truth generative weights satisfy w = X Ty
such that again, perfect estimation of new test points is possible as before.

Establishing (I3). The distribution of X is the same for each generated dataset (only the distribu-
tion of y changes by design). With an r-dimensional output, gy can reconstruct at most r-dimensions
of X. Per the assumed generative process, the proportion of datasets whereby all x columns fall

within any group of r fixed columns of X is (})/(¢). Hence the encoder can achieve zero estima-

tion error recovering in (}) /(%) proportion of cases by y. by reconstructing any set of r columns
of X, leaving a failure ratio of 1 — (;) / (z) But can we do any better than this?

Note that it is not possible to perfectly reconstruct any one coordinate of a given x from the
others, i.e., there does not exist a function ¢ : R?"1 — R such that z; = Y(xy ;) almost
surely, where x\; denotes the elements of x excluding the j-th coordinate. (If such a function
existed, then the density p(x) would be unbounded.) Consequently, to achieve zero estimation
error at test points, the encoder must be capable of reconstructing all dimensions of x associ-
ated with nonzero elements in w. And since the encoder is required to stay fixed for all datasets,
at best it can reconstruct r columns, and so the success ratio from above cannot be improved upon. Bl

Proposition F.3. Ler F denote the set of Lipschitz continuous functions on [0, 1]*. Then there exists
an ICL decoder fy such that (excluding smaller-order terms) we have

:telglEp(ﬂ)Np [ym — fo({mi, yi i, ww)} “—o (n”/“) , (14)

where the data distribution p is given by Deﬁnitionwith X = [0, 1]. In contrast, with k = 1 and
y = T, we have

2
inf Sup ED(W)Np |:ytest - f9 ({Zi:7 yi}?:17 ztest):| = 6 (n_Q/d) b (15)
f9 g¢€B
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where z = gy(x) represents an encoder selected from the set of bi-Lipschitz bijections B mapping
[0,1]7 — [0, 1]

Proof: The proof is segmented into two parts as follows.

Establishing (I4). This bound follows by piecing together well-known results from learning the-
ory. We begin by splitting into equal halves a given set of training samples {x;., y; }_, from some
D(w) with S fixed. The high-level strategy is to define a set of nearest-neighbor estimators with the
first half, and then select from among these estimators by enlisting the second half. Existing sample
complexity results can then be applied to produce the final result.

To this end, for each subset of x elements from d total input feature dimensions, we define the
1-nearest-neighbor estimator

| (16)

fsr(x) = yi-(z,5), with i*(z,S") = arg min H:cS/ —(z)s
’ i<[n/2]
and subscript S’ denoting that only elements of any x within this subset are included. We then form
a selection function fy(x) = fs+(x) where

n

2
scus iy [ 3 (- se@o)]. (17>
se() it

K

Regardless of how each constituent fg was originally constructed, the subsequent selector based on
follows the oracle inequality

2
E I:(ytest — fs» (wlest)) S, {iL'i:v yi}i<|'n/2'|:|

log (¢
Sv {w17y1}7<[n/2]:| +0 &

IN

n

rréi/nE l:(yles[ - fS’((Etest))2

2 log (¢
E |:<ylest - fs(mtesl)) )S; {xi:ayi}i<ﬂn/2w:| + 0) %(m) 5 (18)

IN

where the expectation is over { @iy, Yies } and {x;., y; }1 (/2] following dataset generative process
from Deﬁnition@]but for now with S fixed. (i.e., the samples used in @) are also treated as fixed
here). See for example Section 5.4 of Hajek & Raginsky|(2021) for that standard and Hoeffding and
union bounding process used to establish the first inequality in (I8); the second inequality trivially
follows from removing the min operator.

We next need to bound the r.h.s. expectation within . Adopting ¢* as shorthand for ¢* (@, S),
we have

|ylest - fs(wlesl) Yiest — Yi* S LH(wlesl)S - (wz*)S| ) (19)
which follows from the assumed Lipschitz continuity of 7, recalling that y = 7'('(335) by definition.

We next square both sides and take an expectation over the samples {;., y; } ;<1 /27 used in lb as
well as x. These operations lead to

E (e — F5(@))’|S] < 2B [||(@a)s = (i)s]*[S] < O (n72/7), (20)

where the right-most inequality stems from standard properties of nearest neighbors (e.g., see Theo-
rem 2.1 in[Biau & Devroye|(2015))). Hence we can insert (20) into (I8) after taking the expectation
of both sides of the former w.r.t. {2;., yi};<[n/21. And lastly, because the resulting bound also holds

for any given S, it also hold for all §' € ([i]). Hence we arrive at

E [ — fs+ (@0)] <O (n727) 40 [ /22 (), @

n
with expectation over the entire D(r) generative process. This expression is dominated by the first
term for k > 4 as n becomes large, completing the proof.
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Establishing . Per the specified setup, we have y = = = [g, !(2)]; for some coordinate i,
where z = g4(x). For now we will assume that ¢ = 1. Because g, is assumed to be a bi-Lipschitz,
g;l is also Lipschitz over all of its coordinates, including the first. Therefore h(z) = [g;l(z)]l
is a Lipschitz continuous function over domain [0, 1]¢. Additionally, because p(z) > pumin, if
follows that p(z) > Pmin/ L%, where L is the upper Lipschitz constant associated with g. From
here, it has already been established that the minimax squared estimation error for such an h, with
input distribution bounded away from zero almost surely on a compact domain, is © (n_2/ d).
Additionally, searching for an unknown ¢ incurs a modest additional cost such that the overall rate
is the same. ]
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