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Abstract
Foundation models for text, images, video, or robot1

actions are trained with massive amounts of data2

to work on (human) prompts and sample answers3

from learned distributions. We survey foundation4

models that retrieve or predict answers from struc-5

tured data. We use the term structured data as6

a unifying term to refer to data in tables, rela-7

tional databases, or knowledge graphs. Such struc-8

tured data exhibits and relates values; it may come9

with a schema and knowledge descriptions. Con-10

sidering the analogy with other foundation mod-11

els, a foundation model for structured data should12

be trained on large amounts of found and/or syn-13

thetic structured data (a dataset D1) and it should14

be “prompted” with a query q that is executed on a15

structured dataset D2, which may or may not over-16

lap with D1. The foundation model should retrieve17

and/or predict distributions over values, relations,18

or the schema and knowledge descriptions that the19

query q has asked for, regardless of whether these20

are in D1 ∪ D2 or not. While foundation mod-21

els for tables, relational databases, and knowledge22

graphs have been explored in recent years and great23

progress has been achieved, on closer inspection,24

one finds that these foundation models do not fully25

cover the task just defined. No existing structured26

data foundation model retrieves and predicts distri-27

butions for values, relations, and schema or knowl-28

edge descriptions. By providing a unified view and29

formalization of structured data foundation mod-30

els, we provide a yardstick for measuring progress31

made on structured data foundation models and ap-32

ply it in a survey of major paradigms.33

1 Introduction34

Foundation models [Bommasani et al., 2021; Sun and35

Zheng et al., 2025] have transformed natural language pro-36

cessing and computer vision by enabling broad transfer37

across domains and tasks through large-scale pretraining and38

∗* Equal Contribution

reusable representations. Their defining contribution is not 39

primarily architectural novelty, but the ability to internalize 40

semantic regularities and reuse them across domains with 41

minimal task-specific supervision. In natural language pro- 42

cessing, meaning is carried by words and compositional 43

phrases, and in vision, by higher-level visual primitives rather 44

than individual pixels; in both cases, foundation models suc- 45

ceed by identifying the primary carriers of meaning at scale. 46

Structured data, which includes knowledge graphs 47

[Hogan et al., 2021], relational database [Codd, 1970] and 48

tabular data [Martens et al., 2015], on the other hand, has 49

not benefited from this paradigm to the same extent. It 50

underpins enterprise analytics, scientific data management, 51

and decision-critical systems, but differs fundamentally from 52

unstructured modalities: meaning in structured data is ex- 53

pressed through schema, relational topology, integrity con- 54

straints, and empirical data distributions, rather than sur- 55

face order or local context [Abiteboul et al., 1995]. Hu- 56

mans reason over structured data using identifiers, joins and 57

paths, value distributions, co-occurrence patterns, and ex- 58

plicit constraints rather than sequential tokens. A common 59

strategy to leverage text-centric models, such as CoddLLM 60

[Zhang and Zhang et al., 2025], to improve understanding 61

of data management concepts and support analytics tasks in- 62

cluding schema reasoning and text-to-table translation. Al- 63

though these text-centric approaches often perform well on 64

specific benchmarks, they do not natively enforce relational 65

properties such as schema awareness and constraint satis- 66

faction and rely on linearized representations that can ob- 67

scure inherent relational structure, which can obscure rela- 68

tional structure and limit robustness and generalization across 69

multi-table schemas [Van Breugel and Van Der Schaar, 2024; 70

Yin et al., 2020]. 71

Recent research has therefore begun adopting foundation 72

model principles from other known modalities to structured 73

data, but progress remains fragmented. Knowledge graph 74

foundation models emphasize inductive generalization over 75

relational structure across graphs with disjoint vocabular- 76

ies [Galkin and Zhou et al., 2024]. Tabular foundation 77

models focus on distributional and schema-agnostic predic- 78

tion across heterogeneous tables [Hollmann et al., 2025; 79

Ye et al., 2025a], while relational database models target 80

multi-table reasoning and constrained query synthesis [Fey 81



and Kocijan et al., 2025; Robinson and Ranjan et al., 2024].82

Although all of these approaches pursue similar goals, they83

are evaluated in isolation and adopt inconsistent assumptions84

about transferability, invariance, and scale. As a result, it re-85

mains unclear what properties warrant the designation of a86

structured data foundation model.87

This survey argues that meaningful progress in structured88

data foundation models (SDFMs) requires a requirements-89

driven perspective. We define SDFMs not as specific archi-90

tectures, but as systems that operate directly on relational in-91

puts and support reusable representations across tasks and92

schemas. To provide a unified view, we adopt a canonical93

relational abstraction that unifies tables, relational databases,94

and knowledge graphs, in Section 2, base the definition of95

structured data foundation models (SDFMs) on this unified96

view in Section 3, and derive characteristic, checkable criteria97

for SDFMs in Section 4. These criteria clarify the objectives98

that such models are expected to accomplish, independent of99

implementation choices, and provide a framework for evalu-100

ating transferability, invariance, and semantic generalization.101

Using the introduced requirements-driven framework, we102

organize the literature into four paradigms: (i) knowledge103

graph foundation models (KGFMs) that learn transferable re-104

lational patterns; (ii) tabular foundation models (TFMs) and105

(iii) relational database foundation models (RDBFMs) that106

aim for schema-agnostic learning across datasets; and (iv)107

Large language models (LLMs)-centric methods based on se-108

rialization, retrieval, or tool use. For each paradigm, we ana-109

lyze tasks, benchmarks, architectures, and pretraining objec-110

tives through the lens of the stated requirements (ref. Defi-111

nition 4), distinguishing foundation model capabilities from112

task-specific success and emphasizing open challenges to-113

ward unified foundation models for structured data.114

2 A Unified View on Structured Data115

This section presents structured data as a canonical relational116

abstraction.117

Let V be a countable domain of atomic values, and L a118

set of relation symbols, disjoint from V , each relation symbol119

l ∈ L having fixed arity ar(l) ∈ N≥1.120

Definition 1. A structured dataset is a finite set of labeled tu-121

ples D ⊆
⋃

l∈L{l}×Var(l), where each (l, (v1, . . . , var(l))) ∈122

D represents an atomic fact of type l.123

Consider V = {“LungCancer”, “TP53”, “Cisplatin”, true},124

and L = {Disease,Gene,Treatment} with arities 1,2,3, re-125

spectively. Then, the dataset D defined by,126

D = {(Disease, (“LungCancer”)), (Gene, (“LungCancer”,
“TP53”)), (Treatment, (“LungCancer”, “Cisplatin”, true))

encodes that “LungCancer” is a disease associated with the127

gene “TP53,” and “Cisplatin” is an approved treatment for the128

“LungCancer.” This illustrates Definition 1, which abstracts129

structured data, under which knowledge graphs and relational130

databases arise as special cases given mild restrictions on re-131

lation symbols and value domains, as follows:132

Knowledge Graphs . Let E ⊆ V be a set of entities and133

P ⊆ L be a set of predicates. A knowledge graph is G ⊆134 ⋃
p∈P{p} × Ear(p) .135

Tabular Data. Let R = (C1, . . . , Cn) be column head- 136

ers. A tabular instance over R is D ⊆ {lR} × Vn
⊥, where 137

lR uniquely identifies R and tuple values are interpreted po- 138

sitionally. CSV and spreadsheet files [Mitlöhner and Neu- 139

maier et al., 2016; van, 2019] are external serializations of 140

such instances, preserving column order and values. 141

Relational Database. Let V⊥ = V ∪ {⊥}, where ⊥ denotes 142

reserved symbol Null. A relational schema R ⊆ L consists 143

of relation symbols R ∈ R with ordered attributes att(R) = 144

(A1, . . . , Aar(R)) and domains dom(Ai) ⊆ V . A database 145

instance is D ⊆
⋃

R∈R{R} × Var(R)
⊥ , where tuples respect 146

attribute domains. A relational database is the pair (R,D), 147

and integrity constraints Σ (primary/foreign keys) correspond 148

to embedded dependencies (EGD/TGD), now defined: 149

Constraints. A finite set Σ of integrity constraints is asso- 150

ciated with a structured dataset D. Constraint satisfaction is 151

defined under the closed-world assumption [Abiteboul et al., 152

1995]. We write D |= Σ if every constraint in Σ holds in D 153

according to its semantics. 154

Definition 2. An integrity constraint σ ∈ Σ is a first-order 155

logic (FOL) sentence of the form 156

∀x∀y.φ(x,y) → ∃z.ψ(x, z) (1)

where x,y, z are pairwise disjoint tuples of variables, 157

φ(x,y) is a possibly empty conjunction of function-free 158

atoms, and ψ(x, z) is a nonempty conjunction of function- 159

free atoms over the relation symbols L. 160

The antecedent and consequent in Equation (1) are the 161

body(σ) and head(σ) of σ, respectively, and constraints of 162

the form σ are referred to as embedded dependencies [Fagin, 163

1982]. The σ is called tuple-generating dependency (TGD) 164

when all the atoms in head(σ) are equality-free, and equality- 165

generating dependency (EGD) [Beeri and Vardi, 1984] when 166

head(σ) is a single equality atom. 167

Query. Let x denote the tuple of free variables of φ, and 168

φ(x) denote the query condition expressed as a FOL formula. 169

Definition 3. Let D be a structured dataset over a set of re- 170

lation symbols L with value domain V . A query q is a FOL 171

formula φ(x) with free variables x over L. The evaluation of 172

q on D, denoted q(D), is the set of all tuples v ∈ V |x| such 173

that φ(x) is satisfied in D under the assignment x 7→ v: 174

q(D) = {v ∈ V |x| | D |= φ[x 7→ v]}. (2)

This notion of query answering generalizes tasks com- 175

monly targeted in existing SDFMs, such as link/node pre- 176

diction, table completion/imputation, and, when x is empty, 177

boolean testing or constraint checking. 178

3 Structured Data Foundation model 179

A structured data foundation model is a model that learns 180

general representations and reasoning capabilities over struc- 181

tured datasets, enabling transfer across datasets, schemas, and 182

tasks. Let D denote the set of structured datasets and Q the 183

set of queries over D. 184

Definition 4. A structured data foundation model is a param- 185

eterized model Fθ pretrained on a large dataset D1 ⊆ D 186



Model
(A) Pretraining & Adaptation (How) (B) Query Capabilities (What) (C) Transferability (What)

Unsupervised pretraining Supervised fine-tuning / adaptation RL Value/Cell Label Schema Query ans. R A
Data Approach Data Approach

ULTRA KG Link Pred. Loss Target KG (opt.) Cont. Training No ✓ ✗ ✗ ✗ Bin. Rel. Patt. NBFNet

TRIX KG Link (ent. + rel) Pred. Loss Target KG (opt.) Cont. Training No ✓ ✓ ✗ ✗ Bin. Rel. Patt∗. NBFNet

MOTIF KG Link Pred. Loss Target KG (opt.) Cont. Training No ✓ ✗ ✗ ✗ HO Motifs. HCNets+NBFNet

GAMMA KG Link Pred. Loss Target KG (opt.) Cont. Training No ✓ ✗ ✗ ✗ Bin. Rel. Patt. G-NBFNet

ULTRAQuery KG Link. Pred. Loss KG Complex Queries BCE loss (CLQA queries) No ✓ ✗ ✗ ✓ Bin. Rel. Patt. NBFNet

FLOCK KG Link (ent. + rel) Pred. Loss Target KG (opt.) Cont. Training No ✓ ✓ ✗ ✗ Prob. rel. inv. Seq encod, BiGRU

POSTRA TKG Link Pred. Loss Target KG (opt.) Cont. Training No ✓ ✗ ✗ ✗ T.Bin. Rel. Patt. T-NBFNet

SEMMA Rel. Attr. KG Link Pred. Loss Target KG (opt.) Cont. Training No ✓ ✗ ✗ ✗ Bin. Rel. Patt + Txt Sem. LLM+NBFNet

HYPER Hypergraph KG Link Pred. Loss Target KHG (Opt.) Cont. Training No ✓ ✗ ✗ ✗ Positional rel. interact. HCNets

TabPFN 2.5 Synth. tab. data PFN meta-train. (ICL) Real tab. data (opt.) FT (Real-TabPFN) No ✓ ✓ ✗ ✗ Synth. func. prior PFN-Transf.

TabICL Synth. tab. data ICL meta-train. Target tab. (ctx exm.) Prompt / ICL (no upd.) No ✓ ✓ ✗ ✗ Synth. tab. prior Col→Row ICL-Transf.

TabDPT Real tab. corp. SSL (rand. col pred.) Targ. tab. (ctx + retriv.) Retrieval-aug. ICL No ✓ ✓ ✗ ✗ Real col. deps Retriev. ICL-Transf.

SAP-RPT-1 (ConTextTab) Large real tabl. STNP Target table (w ctx) Semantics-aware ICL No ✓ ✓ ✓ ✗ Schema semantics Transformer

TabGLM Tabl. + txt/meta Graph-Txt Consistency Min Labeled tab tasks Joint sup. obj. No ✓† ✓ ✗ ✗ Structure+Txt Semantic GNN+Transf.

UniTabE Large tab. corp. Mask-cell + contras. SSL Downstream tasks Prompt-based FT No ✓ ✓ ✓ ✓ Cell Dist+Map Transf+LSTM

TableGPT2 Code Cont. Pretrain. Instr. TableQA. code CL, MFA, IT No ✓ ✓ ✓ ✓ Column semantics Qwen2.5

TabuLa-8B Text Causal LM pretrain TabLib corp. SFT on serial. tab. No ✓† ✗ ✓ ✗ TabLib distrib LLAMA3

Relational Transformer (RT) RDBs (RelBench) Masked token pred. Target DB/task (opt.) FT (opt.) No ✓ ✓ ✓ ✗ Schem. sem. / Func. Dep. Relational attn

Griffin Single-tab. data Rand. msk cell comp. Single-tab. + RDB tasks Joint SFT → task FT No ✓ ✓ ✓ ✗ Schem. sem. / Func. Dep. Attn + Msg. Pass.

KumoRFM Public DBs + synthetic Rel. ICL pretrain. Target DB + PQL (opt.) ICL + optional FT No ✓ ✓ ✓ ✓ Schem. sem. / Func. Dep. / Structure Rel. Graph Transf.

Table 1: Structured data foundation models characteristics summary (see section 4 for formalization and section 5 for detailed reviews)
in the terms of pretraining/adaptation, query capabilities, and transferability: Three classes of SDFMs are included: KGFMs (first 9
models), TFMs (8 models in the middle), and RDBFMs (last 4 models). R = transfer Regularities. A = Architectural Inductive Bias, Bin.
Rel. Patt. = Binary Relational Patterns, Bin. Rel. Patt∗. = Binary Relational Patterns with variable binding, T.Bin. Rel. Patt. = Binary
Temporal Relational Patterns, HO Motifs. = Higher-order Motifs (≥ 3 relations), G/T-NBFNet = Geometric/Temporal Neural Bellmanford,
CL, MFA, IT = Contrastive Learning, Multtask Feature Alignment, Instruction Tuning. Semantics-aware table-native pretrain = STNP. †

TabPFN can handle missing values in evaluations, but it is not a dedicated imputation model.

such that, for any q ∈ Q and any target dataset D2 ⊆ D, it187

produces an output D3 satisfying Fθ(q,D2) = D3 ≃ q(D2),188

where D3 represents the prediction of Fθ for q on D2.189

Drawing the analogy to text language models, D1 takes the190

role of pre-, mid-, and posttraining1 data, comprising a large191

set of knowledge graphs, tables, and/or relational databases,192

and q(D2) takes the role of a prompt, with the aim to predict193

correct answers that may not just be retrieved. The “any tar-194

get dataset D2 ⊆ D” condition in Definition 4 is idealized;195

in practice, transferability will degrade when pretraining and196

target datasets diverge.197

4 SDFM Characteristics198

4.1 Query Capabilities199

Let D ⊆
⋃

l∈L{l} × Var(l)
⊥ be a structured dataset over re-200

lation symbols L. We break down the generic querying task201

q(D) specified in Definition 4, into specific tasks addressed202

by related work on SDFMs: value prediction, label predic-203

tion, schema reasoning, and query answering.204

Value Prediction or Cell Completion. Given a tuple205

l(v1, . . . , ?, . . . var(l)) ∈ D with a missing or undefined value206

?, value prediction is the query q such that q(D) = {v ∈ V |207

l(v1, . . . , v, . . . var(l)) ∈ D}.208

1Post-training preference data might take shapes different from
Definition 1. We do not suggest a shape for preference data, as this
would be too speculative at this point.

Depending on the specification of q, it may not only predict 209

a single value, but also entire columns, rows, or tables. In 210

databases, missing values are typically represented by ⊥. 211

Label Prediction or Relation/Link Prediction. Given a tu- 212

ple of values (v1, . . . , vk) ∈ Vk, the label prediction is the 213

query q such that q(D) = {l ∈ L | l(v1, . . . , vk) ∈ D}. 214

Schema Reasoning. Schema Reasoning is the query q = 215

φ(x) over D that returns all tuples satisfying the specified 216

structural or semantic property: q(D) = {v ∈ V |x| | D |= 217

φ[x 7→ v]}. The φ(x) specifies the semantic property (e.g., 218

key constraints, type consistency, or valid cross-relation ref- 219

erence) to be enforced, and the mapping [x 7→ v] enforces 220

it. For the ”LungCancer” dataset (D1), constraints like “all 221

Treatment entries must reference a valid Disease,” or “all 222

Gene entries must be linked to a Disease” can be expressed 223

as FOL queries: 224

σ1 : ∀x, y, z. Treatment(x, y, z) → ∃z′. Disease(z′) ∧ z = z′,

and σ2 : ∀x, y. Gene(x, y) → ∃x′. Disease(x′) ∧ x = x′.

Then, schema reasoning for SDMFs Fθ (Definition 4) is to 225

evaluate these queries (annotated with the resp. φ(x)) on D2 226

to produce D3 such that Fθ(qσ1 , D2) = Dσ1
3 ≃ qσ1(D2) and 227

Fθ(qσ2 , D2) = Dσ2
3 ≃ qσ2(D2), the sets of tuples satisfying 228

the constraints. Tuples violating σ1 or σ2 should be absent 229

from D3 or flagged. 230

Query Answering. Query answering, as per Def. 3, returns 231

all tuples that satisfy a formula of the form φ(x) over D. 232



4.2 Pretraining Properties233

Pretraining properties describe how a SDFM acquires gen-234

eral capabilities. A model Fθ satisfies these properties by235

combining: (i) self-supervised pretraining, optimizing θ to236

capture latent structural regularities without labels; (ii) super-237

vised fine-tuning, adapting θ on a labeled dataset to minimise238

task-specific loss; (iii) reinforcement learning, optimizing θ239

as policy to maximize an expected reward signal.240

4.3 Transferability Properties241

Transferability properties describe the ability of an SDFM242

model to generalize beyond the training data. Let D1 and243

D2 be structured datasets, as defined in Definition 4.244

Cross Data . A model exhibits cross-data transferability if it245

generalizes learned patterns from the pretraining dataset D1246

to another dataset D2, even when the datasets D1 and D2 par-247

tially overlap or completely differ. This includes the follow-248

ing cases, characterized by the relationship between the rela-249

tion symbols (schema) and value domains (content) of D1 and250

D2: (i) Compositional transfer, where D1 and D2 share the251

same or largely overlapping sets of relation symbols, but the252

value domain of D2 contains novel combinations of entities,253

relations, or column types that do not occur jointly in D1;254

(ii) Cross-schema transfer, where the sets of relation sym-255

bols of D1 and D2 are partially overlapping or disjoint, while256

their value domains may be overlapping or distinct, and D2257

introduces previously unseen relation symbols or new con-258

figurations thereof relative to D1; (iii) Cross-domain trans-259

fer, where D1 and D2 are drawn from different application260

domains, with differing value domains and possibly differ-261

ent sets of relation symbols, but exhibiting shared structural262

regularities or semantically related relation symbols; and (iv)263

Cross-modal transfer, where D1 and D2 are represented using264

different structured data modalities (e.g., knowledge graphs265

versus relational or tabular data), leading to substantially dif-266

ferent sets of relation symbols and value domains, yet requir-267

ing reasoning over conceptually aligned relational informa-268

tion.269

Cross Task. A model exhibits cross-task transferability if270

representations and reasoning strategies learned from one271

query type q1(D1) to generalize to a different query type272

q2(D2) without retraining.273

5 Modeling Paradigms274

This section summarizes the foundation models for structured275

data, contrasting paradigms in terms of query capabilities,276

pretraining strategies, transferability, and architectural induc-277

tive biases.278

5.1 Knowledge Graph Foundation Model279

KGFMs are cross-domain, vocabulary-agnostic models that280

learn structurally invariant reasoning patterns from several281

KGs and transfer them zero-shot to entirely new graphs with282

unseen entities and relations [Arun and Kumar et al., 2025;283

Galkin et al., 2023]. Existing KGFMs initially target triple-284

based KGs [Galkin et al., 2023], which are then extended to285

hyper-relational and temporal graphs and settings that fuse286

text/attributes with structure [Huang et al., 2025; Lee and287

Whang, 2025; Pan and Nayyeri et al., 2025; Arun and Ku- 288

mar et al., 2025]. Below, we review key aspects of KGFMs 289

within the lens of the defined foundation model characteris- 290

tics (section 4). 291

Query Capabilities Existing KGFMs have so far been eval- 292

uated on a narrow set of reasoning tasks, with value pre- 293

diction (entity/link prediction) as the dominant one. Mod- 294

els like ULTRA are trained to answer missing-entity queries 295

in a fully inductive setting, i.e., on entirely unseen multi- 296

relational graphs [Galkin et al., 2023]. A closely related label 297

prediction variant is relation prediction (inferring the relation 298

type between entity pairs), where Flock reports strong zero- 299

shot performance, while entity classification remains compar- 300

atively underexplored [Kim et al., 2025]. Beyond single-edge 301

queries, query answering over conjunctive multi-hop patterns 302

has been enabled by stacking a reasoning layer on top of 303

a link predictor (e.g., UltraQuery), allowing zero-shot com- 304

plex query answering on new graphs [Galkin and Zhou et al., 305

2024]. Overall, the limited task coverage in current KGFM 306

work leaves cross-task transferability largely untested and 307

open. 308

Pretraining Property KGFMs are typically self-supervised 309

via unsupervised pretraining on multiple KGs using ob- 310

jectives derived from known facts, most often link predic- 311

tion/KG completion with contrastive (ranking) losses over 312

corrupted head/tail negatives [Galkin et al., 2023]. This is 313

still done on a modest scale of only a few million triples 314

(e.g., ULTRA pretrains on FB15k-237, WN18RR, CoDEx- 315

M) [Galkin et al., 2023]. Crucially, domain diversity and 316

careful KG corpus curation matter more than sheer triple 317

count, with evidence that adding new domains yields larger 318

gains than adding more same-domain triples (scaling law) 319

[Feng et al., 2025]. Some methods enrich pretraining with 320

masked graph modeling [He et al., 2025], or text–graph align- 321

ment for attributed KGs, and training is usually inductive 322

(e.g., multi-graph batching/masking and regularizers to re- 323

duce ID overfitting [Kim et al., 2025]). 324

For adaptation, supervised fine-tuning continues training 325

for a few epochs on the target KG’s known triples, often 326

improving MRR/Hits@K metrics beyond zero-shot, while 327

parameter-efficient tuning becomes especially relevant in 328

KGFM+LLM hybrids where the LLM can be frozen and only 329

graph modules updated [Arun and Kumar et al., 2025]. Data 330

quality and relation-pattern coverage are crucial, motivating 331

careful KG corpus curation. Future web-scale graph pretrain- 332

ing will hinge on handling curation, quality, and noise. 333

Transferability Property Regarding transferable regulari- 334

ties, structured KGFMs target double equivariance (to rela- 335

bel entities and relations), so predictions depend on struc- 336

ture (not IDs) and transfer relation motifs/relation interaction 337

patterns (cross-schema transfer), with transferability funda- 338

mentally limited by the motif set the architecture can repre- 339

sent [Huang et al., 2025]. ULTRA transfers binary relation 340

patterns by building a relation graph whose edges encode 341

four head/tail co-occurrence types (h–t, t–h, h–h, t–t) as a 4- 342

channel adjacency. A GNN [Zhu and Zhang , 2021] produces 343

query-conditioned relation embeddings to score links on un- 344

seen KGs, effectively transferring 2-atom “soft rule” motifs 345



such as p1(x, y) ∧ p2(y, z) → q(x, z), but patterns requir-346

ing higher-order motifs (joint interactions of ≥3 relations)347

are hard unless they decompose into pairwise interactions348

[Huang et al., 2023]. TRIX [Zhang et al., 2025] increases ex-349

pressivity by making interactions entity-aware (sparse adja-350

cency that preserves variable bindings), separating substruc-351

tures that look identical to ULTRA, and improving zero-shot352

accuracy under complex overlaps.353

Architecture inductive bias: across KGFMs, designs avoid354

raw IDs and enforce symmetry via (i) GNN-based rela-355

tion/entity message passing (extended to hypergraphs with356

argument-position edges [Feng et al., 2025] and to temporal357

KGs [Pan and Nayyeri et al., 2025] with time-conditioned358

updates), (ii) Transformer/sequence, e.g., FLOCK [Kim et359

al., 2025], encodes sampled random walks with a recording360

scheme to preserve roles and uses stochasticity to break sym-361

metries, and (iii) Hybrid (structure+semantics) models fuse362

structural models with language modules: SEMMA [Arun363

and Kumar et al., 2025] combines ULTRA-like structural pat-364

terns with LLM-derived relation-text embeddings via fusion365

(e.g., co-attention/gating), improving cases where structure366

alone lacks an analogue.367

Across paradigms, KGFMs balance symme-368

try/equivariance for transfer while preserving expressivity,369

closely tied to Weisfeiler–Lehman-style discrimination and370

permutation-equivariant set/graph networks [Huang et al.,371

2023].372

Benchmark Datasets To evaluate cross-KG generalization373

(section 4), benchmarks now use multi-KG collections span-374

ning diverse domains, typically pre-training on a few stan-375

dard KGs and testing on many others. For instance, UL-376

TRA and other works [Galkin et al., 2023] pre-train on377

FB15k-237, WN18RR, and CoDEx-M and are evaluated378

on 50+ unseen KGs (about 1K–120K nodes and 5K–1M379

edges). Benchmarking remains challenging [Arun and Ku-380

mar et al., 2025]:many “different” KGs still originate from381

a few sources (Freebase/WordNet/Wikidata/NELL/YAGO),382

so repeating schemas can cause overlap/leakage and in-383

flate apparent generalization (cross-schema generalization in384

subsection 4.3). More truly domain-diverse, larger, real-385

istic collections (including specialized/non-public KGs) are386

needed. Even so, current results indicate KGFMs can outper-387

form transductive models when tested on completely unseen388

graphs [Galkin et al., 2023].389

5.2 Tabular Foundation Model390

Tabular data is pervasive (healthcare, finance, science, cyber-391

security), yet tabular deep learning still often lags gradient-392

boosted trees [Van Breugel and Van Der Schaar, 2024]. Re-393

cent position papers argue that, as in NLP/vision, scaling394

model capacity and pretraining on diverse tables could unlock395

broader tabular capabilities [Van Breugel and Van Der Schaar,396

2024]. TFMs pursue this by learning transferable knowledge397

across many tables to enable multiple downstream tasks on398

new datasets with minimal retraining, using inductive biases399

for mixed numeric/categorical features and tabular structure,400

while avoiding LLM-based table adaptation issues such as401

handling continuous values, calibration, and high cost.402

Query Capabilities Regarding Value prediction/cell com- 403

pletion, TFMs can perform zero-shot imputation when pre- 404

trained for missingness, e.g., TabPFN [Hollmann et al., 2023] 405

is trained on synthetic tables with missing values and sup- 406

ports missing-data handling, and TabImpute [Feitelberg and 407

Saha et al., 2025] is a pretrained transformer tailored for 408

fast, accurate zero-shot imputations without fitting or tun- 409

ing. For label prediction, TFMs primarily target classifica- 410

tion/regression (predicting a target column/row from the oth- 411

ers) and achieve state-of-the-art performance, e.g., TabPFN 412

via a single forward pass, and in-context pretrained models 413

such as TabICL and TabDPT report strong results across large 414

benchmark suites [Hollmann et al., 2023; Qu et al., 2025; 415

Ma and Thomas et al., 2025]. Schema reasoning and 416

FOL-style query answering remain largely open: current 417

TFMs typically assume a fixed schema and focus on within- 418

table prediction rather than inferring/validating semantics 419

(keys/foreign keys, constraints) or answering general logical 420

queries over relational/tabular data. 421

Pretraining Property TFMs are typically pretrained on 422

large synthetic or unlabeled tables and/or diverse real-world 423

corpora: for example, TabPFN/TabICL train on millions of 424

synthetic tables spanning many feature–label relationships, 425

while real-data TFMs scale up using broad collections such 426

as TabDPT (OpenML: 123 datasets, ∼32M rows, ∼2B cells) 427

and table corpora that include mixed numeric/categorical, 428

and sometimes text-rich columns (e.g., TabSTAR) [Holl- 429

mann et al., 2025; Ma and Thomas et al., 2025]. Pre- 430

training commonly uses masked value reconstruction (pre- 431

dict masked/missing cells), meta-learning/in-context objec- 432

tives (simulate many supervised tasks so the model pre- 433

dicts from a small labeled context in one forward pass), 434

and sometimes contrastive alignment to tie together seman- 435

tically related table elements [Hollmann et al., 2025; Kim 436

and Lefebvre et al., 2025]. After pretraining, TFMs adapt 437

via in-context use (no weight updates, strong in low-data set- 438

tings), full fine-tuning on a new table, or parameter-efficient 439

tuning (adapters/LoRA/prompt vectors or feature-extractor 440

use), with RL-based refinement emerging for multi-step table 441

reasoning/manipulation in LLM-style tabular models (e.g., 442

trajectory/reward-driven tuning) [Tanna and Seth et al., 2025; 443

Yang and Huang et al., 2025]. 444

Transferability Property 445

Regarding Transferable Regularities, a core promise of 446

TFMs is to learn transferable inductive biases from many ta- 447

bles, capturing both the joint data distribution (how columns 448

co-vary, including higher-order/transitive associations) and 449

reusable implicit function mappings between columns that 450

generalize to new tables and domains. Empirically, this ap- 451

pears as in-context learning: models like TabPFN and TabICL 452

can take a small labeled table as input context and predict ac- 453

curately on a new task without gradient updates. TabPFN is 454

even shown to approximate Bayesian inference under a rich 455

prior, yielding strong (often well-calibrated) predictions on 456

unseen tasks. Transfer can extend beyond “standard tables”, 457

reframing graph node classification [Hayler et al., 2025] as a 458

tabular problem enables zero-shot use of TFMs that can out- 459

perform specialized GNNs. TFMs have also shown strong 460

results for time-series forecasting when time-indexed fea- 461



tures are treated as tabular inputs. More broadly, incorporat-462

ing text/metadata context (e.g., column names/descriptions)463

further improves semantic transfer, supporting the view that464

TFMs reuse general patterns rather than task-specific rules465

[Kim and Lefebvre et al., 2025].466

Regarding Architecture Inductive Bias, tables are inher-467

ently 2D (rows × columns) and typically unordered. Thus,468

TFMs need inductive biases for row/column permutation in-469

variance and feature–population modeling. TabPFN uses470

a two-way Transformer where each cell attends within-row471

(feature interactions) and within-column (across-sample dis-472

tributions), enabling training on small tables while extrapo-473

lating to larger ones without architectural changes. TabPFN474

[Hollmann et al., 2023; Ye et al., 2025b] also keep this al-475

ternating attention and adds efficiency optimizations (e.g.,476

flash attention, half-precision norms) to scale to millions of477

cells. For very large tables, TabICL [Qu et al., 2025] in-478

troduces a column-then-row pipeline: a lightweight column-479

wise model produces row embeddings, then a Transformer480

performs in-context inference over those embeddings, scal-481

ing to hundreds of thousands of samples. Handling hetero-482

geneous types is addressed via categorical embeddings and483

numeric encodings/tokenizers (beyond naive LLM tokeniza-484

tion) [Van Breugel and Van Der Schaar, 2024], and some485

work builds graphs over tables and applies GNNs to capture486

instance correlations and higher-order feature interactions [Li487

et al., 2025]. Finally, knowledge-driven hybrids like TARTE488

fuse textual schema/value semantics (e.g., column names,489

units) with tabular values to inject a “world-knowledge” prior490

[Kim and Lefebvre et al., 2025], e.g., knowing that a col-491

umn labeled “age” is numeric and bounded or that “USD”492

implies a currency range. Overall, state-of-the-art tabular ar-493

chitectures blend Transformers with custom modules to re-494

spect tabular structure, achieve permutation invariances, and495

incorporate semantic context.496

Benchmark Datasets TFM evaluation is increasingly done497

on multi-dataset benchmarks that stress cross-table gener-498

alization. TALENT (300+ datasets spanning sizes, feature499

types, and classification/regression tasks) shows recent pre-500

trained tabular models can often match or surpass tree en-501

sembles like XGBoost, though ensembles and tree methods502

still dominate on some datasets and with heavy tuning [Ye503

and Liu et al., 2024]. TabArena is a “living” benchmark that504

continuously curates datasets/models, with early results sug-505

gesting TFMs shine on small datasets where prior knowledge506

helps [Erickson et al., 2025]. Protocols typically report ag-507

gregate performance (e.g., average rank/win rate across many508

tasks) and relate outcomes to dataset meta-features (e.g., cat-509

egorical–numeric mix), aiming to measure foundation-level510

transfer rather than single-dataset overfitting.511

5.3 Relational Foundation Model512

Relational databases pose distinct challenges for foundation513

models, as information is spread across interlinked tables514

with heterogeneous attributes and key constraints, requir-515

ing multi-tuple reasoning. Early work modeled databases as516

graphs, i.e., rows as nodes and keys as edges [Robinson and517

Ranjan et al., 2024]. Recent models adopt (i) schema-aware518

sequence models or (ii) graph-based GNN/transformer archi-519

tectures [Dwivedi et al., 2025]; both designed to preserve 520

schema invariants and enable cross-schema transfer [Vogel 521

et al., 2022; Wehrstein et al., 2025]. 522

Query Capabilities. Relational foundation models support 523

multiple predictive and reasoning queries in one framework. 524

(i) Value Prediction / Cell Completion: models impute miss- 525

ing values and repair incomplete records by propagating sig- 526

nals across related tables, supporting data cleaning and rec- 527

ommendation tasks [Wang and Wang et al., 2025]. (ii) La- 528

bel Prediction: supervised prediction of target attributes uses 529

multi-table context to support churn, fraud, and sales fore- 530

casting, learning join patterns and temporal dynamics [Fey 531

and Kocijan et al., 2025]. (iii) Schema Reasoning: tasks 532

such as schema matching, primary/foreign keys discovery, 533

and constraint validation remain largely unaddressed but rep- 534

resent future opportunities. (iv) query Answering: general 535

SQL/FOL-style queries remain largely unimplemented; exist- 536

ing predictive interfaces (e.g., KumoRFM) focus on forecasts 537

or recommendations. 538

Pretraining Property. (i) Unsupervised Pretraining: 539

RDBFMs are pretrained on heterogeneous structured cor- 540

pora (e.g., WikiDBs [Vogel et al., 2024]), including multi- 541

table benchmarks, e.g., RelBench [Robinson and Ranjan et 542

al., 2024] and mixed single-/multi-table datasets (e.g., Grif- 543

fin [Wang and Wang et al., 2025]) to capture diverse 544

schemas, numerical/textual features, and relational patterns. 545

(ii) Pretraining Approach: self-supervised objectives such 546

as masked cell prediction and reconstruction teach models to 547

integrate schema metadata, relational links, and cross-table 548

dependencies [Dwivedi et al., 2025]. (iii) Supervised Fine- 549

Tuning: adapts pretrained models to domain-specific pre- 550

dictive tasks such as classification, regression, and forecast- 551

ing (e.g., KumoRFM). (iv) Reinforcement Learning remains 552

largely unexplored. 553

Transferability Property. (i) Transferable Regularities: 554

RFMs learn patterns of relational interaction driven by 555

schema semantics, relational attention, and cross-table con- 556

text that generalize to unseen schemas and tasks without 557

dataset-specific fine-tuning [Ranjan and Hudovernik et al., 558

2025]. (ii) Architecture Inductive Bias: schema-aware se- 559

quences and graph-based message passing encode relational 560

structure, supporting cross-schema transfer and structured 561

reasoning [Dwivedi et al., 2025]. 562

Benchmark Datasets. RFMs are evaluated on curated multi- 563

database collections such as RelBench, WikiDBs, WikiDB- 564

Graph [Wu et al., 2025], and enterprise ERP datasets [Klein 565

and Biehl et al., 2024].These benchmarks measure schema 566

reasoning and cross-schema generalization, while evaluation 567

on declarative SQL query execution remains limited. 568

5.4 LLMs for Structured Data 569

Structured data store explicit typed facts, whereas LLMs en- 570

code parametric knowledge from unstructured text. LLM- 571

based hybrid approaches exploit structured data as external 572

memory or supervision [Pan and Razniewski et al., 2023], 573

but direct application reveals limitations in context length, re- 574

lational reasoning, numeric precision, and grounding in up- 575

to-date information. We review LLM approaches for KGs, 576



databases and tabular data, highlighting tasks, training, trans-577

fer, architectures, and motivating specialized structured-data578

foundation models (SDFMs).579

LLMs for Knowledge Graph Reasoning. LLMs face KG580

structural gaps: (i) KGs provide explicit relational facts be-581

yond LLM parametric knowledge, and (ii) LLMs excel at582

reasoning and language generation but struggle with long583

paths, dense nodes, and incomplete knowledge [Cui et al.,584

2025] (Query). To address this, KG-augmented approaches585

combine LLM reasoning with specialized retrievers: (i) the586

LLM generates outputs, while (ii) a KG retriever encodes587

relations, identifies relevant nodes, and propagates along in-588

formative paths, enabling zero-shot generalization to unseen589

KGs [Cui et al., 2025; He et al., 2024; Omeliyanenko et590

al., 2023] (Transfer). Alternatively, graph textualization lin-591

earizes nodes, edges, and attributes into text, allowing LLM-592

only reasoning [Lin and Yan et al., 2024], or cross-modal593

frameworks like BioBRIDGE align embeddings via KGs594

without fine-tuning [Wang and Wang et al., 2024] (Inductive595

Bias). Limitations remain: (i) LLMs lack native graph struc-596

ture encoding, (ii) long paths or dense graphs exceed con-597

text windows, and (iii) hallucination of nonexistent relations598

is possible [Cui et al., 2025]. These issues motivate graph-599

aware foundation models that internalize structure.600

LLMs for Tabular Learning. Tabular data poses distinct601

challenges: (i) heterogeneous numeric/categorical types in602

2D layout, and (ii) tables often exceeding LLM context win-603

dows [Wu et al., 2025] (Query). Linearization of rows604

with column headers enables classification, reasoning, com-605

pletion, and question-answering over tables, while prompt-606

ing and chunking mitigate length limits. Early models like607

TaBERT pretrain text and tables jointly to capture structure608

[Yin et al., 2020] (Pretraining). Recent foundation models,609

e.g., TabuLa-8B, pretrain on billions of rows from millions610

of tables, achieving strong zero- and few-shot generalization611

beyond XGBoost [Chen, 2016] and TabPFN [Hollmann et612

al., 2025] (Transfer). Hierarchical encodings and the use of613

metadata further improve schema transfer [Fang and Xu et614

al., 2024] (Inductive Bias). Existing limitations include: (i)615

loss of 2D alignment, (ii) challenges in numeric and logi-616

cal reasoning, (iii) poor generalization to previously unseen617

schemas, and (iv) high computational cost, motivating tabu-618

lar SDFMs treating tables as first-class inputs.619

LLMs for Relational Databases. Applying LLMs to re-620

lational databases typically involves translating natural lan-621

guage into SQL or retrieving structured data. Although LLMs622

can generate syntactically correct SQL, they often strug-623

gle with complex schemas, multi-table joins, integrity con-624

straints, and live or private data [Peixian and Zhuang et al.,625

2025; Qin and Luo et al., 2024] (Query). To address these626

limitations, database-augmented LLMs integrate: (i) selec-627

tion and value retrieval modules, (ii) live database memory to628

ground outputs, and (iii) guided prompt pipelines, enabling629

queries beyond the model’s original training distribution [Qin630

and Luo et al., 2024] (Transfer). Hybrid approaches further631

encode schemas or query plans using GNNs before passing632

them to LLMs, enforcing foreign key relationships and reduc-633

ing semantic errors [Wu et al., 2025] (Inductive Bias). Key634

challenges remain, including ensuring transactional consis- 635

tency, scaling to large databases and preserving privacy, wich 636

motivate SDFMs that natively encode schema, constraints, 637

and query execution. 638

6 SDFMs: Outlooks and Perspectives Ahead 639

6.1 Foundation Model Queries 640

Foundation-model queries will evolve into general primitives 641

for structured data workflows rather than standalone predic- 642

tions. Crucially, these models are designed to predict in- 643

dividual relational facts (atoms) as well as derived or com- 644

bined facts, enabling queries that involve joins, instance-of 645

reasoning, and hierarchical or compositional relationships. 646

Potential applications include (i) cross-dataset integration, 647

executing queries over the union of multiple sources, e.g., 648

q(D1 ∪D2) = D3, supporting schema alignment and conflict 649

resolution; (ii) learned ETL pipelines as query, where extrac- 650

tion, transformation, and loading operations are specified and 651

executed via learned query functions that preserve structure 652

and type constraints; (iii) stateful query interaction, interac- 653

tive and incremental querying, where models maintain state 654

across sessions and incorporate streaming updates into con- 655

sistent results; and (iv) privacy-preserving federated query- 656

ing, where structured data remains locally stored but foun- 657

dation models coordinate secure, aggregated answers with- 658

out centralizing raw records. Realizing these applications re- 659

quires models that represent schema, provenance, and uncer- 660

tainty explicitly and support composable query invocation. 661

6.2 Open Challenges 662

Several foundational research challenges remain: (i) het- 663

erogeneous query language support, reconciling formal 664

languages (SQL, SPARQL, GQL), programmatic interfaces, 665

and natural language while preserving formal semantics; (ii) 666

multi-query composition and optimization, where a batch 667

of queries {q1, . . . , qn} executes on the same dataset effi- 668

ciently with shared intermediate computation; (iii) interac- 669

tive query dialog, formalizing how subsequent queries can 670

reference prior results, e.g., qi(D2 ∪ qi−1(D2)) while track- 671

ing provenance, consistency, and rollback semantics; (iv) de- 672

signing training regimes that integrate large-scale pretrain- 673

ing, task-specific fine-tuning, and preference or safety op- 674

timization without catastrophic forgetting across structured 675

domains; and (v) benchmarks for structured transfer and 676

precision, measuring cross-schema generalization, numeric 677

and logical correctness, and grounding against authoritative 678

sources; and (iv) systems and privacy constraints, ensuring 679

scalable retrieval, transactional consistency, and provable pri- 680

vacy guarantees. 681
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mail Ceylan, and Pablo Barceló. A theory of link predic- 765

tion via relational weisfeiler-leman on knowledge graphs. 766

NeurIPS, 2023. 767

[Huang et al., 2025] Xingyue Huang, Pablo Barcelo, and 768

Michael M Bronstein et al. How expressive are knowl- 769

edge graph foundation models? In ICML, 2025. 770

[Huang et al., 2025] Xingyue Huang et al. Hyper: A foun- 771

dation model for inductive link prediction with knowledge 772

hypergraphs. arXiv preprint arXiv:2506.12362, 2025. 773

[Kim and Lefebvre et al., 2025] Myung Jun Kim and Félix 774

Lefebvre et al. Table foundation models: on knowledge 775

pre-training for tabular learning. arXiv preprint, 2025. 776

https://arxiv.org/abs/2505.14415. 777

[Kim et al., 2025] Jinwoo Kim, Xingyue Huang, and 778

Krzysztof Olejniczak et al. Flock: A knowledge graph 779

foundation model via learning on random walks. arXiv 780

preprint, 2025. https://arxiv.org/abs/2510.01510. 781

[Klein and Biehl et al., 2024] Tassilo Klein and Clemens 782

Biehl et al. Salt: Sales autocompletion linked business 783

tables dataset. In NeurIPS Workshop, 2024. 784

[Lee and Whang, 2025] Jaejun Lee and Joyce Jiyoung 785

Whang. Structure is all you need: Structural represen- 786

tation learning on hyper-relational knowledge graphs. In 787

ICML, 2025. 788

[Li et al., 2025] Cheng-Te Li, Yu-Che Tsai, Chih-Yao Chen, 789

and Jay Chiehen Liao. Graph neural networks for tabu- 790

lar data learning: A survey with taxonomy and directions. 791

ACM Computing Surveys, 2025. 792

https://arxiv.org/abs/2108.07258
https://arxiv.org/abs/2511.04093
https://arxiv.org/abs/2506.16791
https://arxiv.org/abs/2503.01203
https://kumo.ai/research/kumo_relational_foundation_model.pdf
https://kumo.ai/research/kumo_relational_foundation_model.pdf
https://kumo.ai/research/kumo_relational_foundation_model.pdf
https://arxiv.org/abs/2505.14415
https://arxiv.org/abs/2510.01510


[Lin and Yan et al., 2024] Tianqianjin Lin and Pengwei793

Yan et al. Langgfm: A large language model alone can be794

a powerful graph foundation model. arXiv preprint, 2024.795

https://arxiv.org/abs/2410.14961.796

[Ma and Thomas et al., 2025] Junwei Ma and Valentin797

Thomas et al. TabDPT: Scaling tabular foundation models798

on real data. In NeurIPS, 2025.799

[Martens et al., 2015] Wim Martens, Frank Neven, and Stijn800

Vansummeren. SCULPT: A schema language for tabular801

data on the web. In Proc. of WWW, 2015.802
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and Sebastian Neumaier et al. Characteristics of open804

data csv files. In OBD. IEEE, 2016.805

[Omeliyanenko et al., 2023] Janna Omeliyanenko et al.806

CapsKG: enabling continual knowledge integration in lan-807

guage models for automatic knowledge graph completion.808

In ISWC. Springer, 2023.809

[Pan and Nayyeri et al., 2025] Jiaxin Pan and Mojtaba810

Nayyeri et al. Towards foundation model on temporal811

knowledge graph reasoning. arXiv preprint, 2025.812

https://arxiv.org/abs/2506.06367.813

[Pan and Razniewski et al., 2023] Jeff Z. Pan and Simon814

Razniewski et al. Large language models and knowledge815

graphs: Opportunities and challenges. TGDK, 2023.816

[Peixian and Zhuang et al., 2025] Ma Peixian and Xialie817

Zhuang et al. Sql-r1: Training natural language to sql818

reasoning model by reinforcement learning. In NeurIPS,819

2025.820

[Qin and Luo et al., 2024] Zongyue Qin and Chen Luo et821

al. Relational database augmented large language model.822

arXiv preprint, 2024. https://arxiv.org/abs/2407.15071.823

[Qu et al., 2025] Jingang Qu, David Holzmüller, Gaël Varo-824
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