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Abstract

Relational databases are one of the most common data storage
mechanisms across many business domains including health-
care, banking, e-commerce, logistics, and human resources.
Traditionally, data science teams must join complex rela-
tional database structures into a single table, perform man-
ual feature engineering, and train a single machine learning
model, per task. This prevents the exploitation of relational
signal and increases the required resources needed to scale
across business use cases. There have been significant ad-
vancements in foundation model research across computer
vision, natural language processing, and tabular deep learn-
ing. However, there has been limited work, such as Rela-
tional Transformer, exploring models that can directly pre-
dict on relational databases. Previous work has applied In-
Context Learning (ICL) on tasks that have simpler homoge-
neous data. We leverage advancements in tabular foundation
models (TFM), such as TabPFN and ConTextTab, to directly
perform ICL on multi-modal relational data. Specifically, we
construct a heterogeneous graph via primary and foreign keys
in a relational database. We then apply heterogeneous Graph-
SAGE model as a fixed random feature map to aggregate
neighborhood information across the subgraphs. Addition-
ally, we augment entity node representations by combining
structural information with the entity embedding. Finally, we
supply a TFM with the contextualized entity node represen-
tation to perform ICL on arbitrary tasks - without any train-
ing. Our method is tested on the public relational deep learn-
ing benchmark Relbench, which contains many diverse, real-
world predictive regression and classification tasks across
healthcare, e-commerce, marketing, and enterprise sales. In
a fully ICL regime, our model is shown to be competitive
with several fully-trained benchmarks on classification tasks.
On average, the method achieves 114% of the fully-trained
LightGBM, 95% of the fully-trained relational deep learning
model reported in Relbench, and 98% of the zero-shot per-
formance of pretrained RT. This signifies an advancement in
unlocking accurate predictions, without training, on the dom-
inant business data structure across diverse domains.

Supporting Materials
Methodology We randomly initialize a heterogeneous
GraphSAGE model (Hamilton, Ying, and Leskovec 2017)
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provided by the RDL pipeline in Relbench (Robinson et al.
2024) pipeline.
hk = HGSθ0(Gk), z = concatKk=1hk, ŷtest = TFM(ztrain,ytrain, ztest) .

(1)
Here, Gk denotes the k-th subgraph, HGSθ0 is the randomly
initialized encoder. GraphSAGE across relational neighbor-
hoods. Then, we extract each entity node representation
and concatenate them with node degree, mean, median, and
mode of relative time difference from neighbor nodes, form-
ing z. Finally, we input the embedded representation z into
TabPFN 2.5 (Grinsztajn et al. 2026), along with the train la-
bels.

Results Table 1 summarizes performance across all
datasets and tasks. Our method achieves competitive results
while not conducting relational database-specific training or
pretraining.

Dataset Task LGBM RDL RT Ours Ours/1 Ours/2 Ours/3
Amazon I.Churn 62.54 82.81 73.30 77.89 125% 94% 106%
Amazon U.Churn 52.22 70.42 66.10 64.30 123% 91% 97%
Avito U.Visits 53.05 66.20 62.60 65.35 123% 99% 104%
Avito U.Clicks 53.60 65.90 60.90 60.68 113% 92% 100%
Event U.Repeat 68.04 76.89 – 73.58 108% 96% –
Event User.Ignore 79.93 81.62 – 84.13 105% 103% –
F1 DNF 68.56 72.62 81.20 64.26 94% 88% 79%
F1 Top-3 73.92 75.54 89.30 74.67 101% 99% 84%
HM U.Churn 55.21 69.88 63.30 68.12 123% 97% 108%
Stack U.Badge 63.43 88.86 81.10 85.34 135% 96% 105%
Stack U.Engage 63.39 90.59 89.40 87.48 138% 97% 98%
Trial Study 70.09 68.60 54.60 56.68 81% 83% 104%
Average – 114% 95% 98%

Table 1: AUC on RelBench. U = ”user”, I = ”item”. Ours/1
(Ours/LGBM), Ours/2 (Ours/RDL), Ours/3 (Ours/RT).
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