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Abstract—Foundation models have emerged as a dominant
paradigm in machine learning, enabling broad generalization and
efficient adaptation across diverse tasks and domains. While this
paradigm has achieved remarkable success in language and vision
data, its extension to structured data remains far less understood.
Foundation models for structured data are an emerging yet
highly impactful research area with a rapidly growing body
of literature. In this survey, we provide a systematic analysis
of foundation models for structured data, focusing on tabular,
time series, and graph data, covering over 150 representative
methods. We analyze the intrinsic properties and inductive biases
of structured data, clarify the core concepts of foundation models,
and conduct an in-depth analysis of the key challenges that
hinder the development of foundation models for structured data.
Building on these insights, we organize existing approaches into
a coherent taxonomy based on tokenization, architectures, pre-
training objectives, and adaptation strategies. Finally, we discuss
emerging research directions and open problems, aiming to
provide guidance toward more principled and scalable foundation
models for structured data.

Index Terms—Foundation Models, Structured Data, Tabular
Data, Time Series, Graphs.

I. INTRODUCTION

LARGE language models (LLMs) and vision-language
models (VLMs) have achieved remarkable breakthroughs

in generalization and task breadth, and are widely seen as a
practical path toward more general intelligence [1, 2]. They
exemplify foundation models: large models pre-trained on
broad, heterogeneous text or vision data and adapted to new
tasks via fine-tuning, prompting, or tool use. Their advantages
include strong transferability, data efficiency in low-label
regimes, unified task interfaces, and scalable maintenance.
Structured data underpins high-stakes decision-making across
industry and science, powering risk modeling, forecasting,
and relational reasoning at scale. Motivated by these trends,
foundation models for structured data have emerged as a major
research focus in recent years [3].
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Structured data broadly refers to data modalities whose
semantics are tightly coupled with explicit structural depen-
dencies or constraints. In this survey, we focus on three major
types: tabular, time series, and graphs. Foundation models for
structured data are inherently more challenging to develop than
those for language or vision data. Structured data has distinct
structural properties that require task-specific inductive biases:
tabular data is row-permutation invariant but column-semantic,
time series data requires temporal order awareness and shift
invariance, and graph data demands permutation-equivariant
relational reasoning. Moreover, structured data is often het-
erogeneous and constrained, making unified representation and
generalization more difficult. As a result, building foundation
models for structured data requires explicit modeling of both
unified representations and appropriate inductive biases, rather
than relying solely on increasing model size and data volume.

Foundation models for structured data remain an emerging
yet highly impactful research area. Such foundation models for
structured data have already shown strong performance across
a wide range of applications. For tabular data, representative
works such as TabPFNv2 [4] and LimiX [5] show superior
performance by pre-training on large-scale synthetic data or
real-world data. For time series data, representative lines
of approaches, including Transformer-based models such as
TimesFM [6] and LLM-based models such as Chronos [7], can
substantially improve performance in forecasting and related
tasks across multiple domains. For graph data, recent models
such as GCOPE [8] and UniGraph [9] demonstrate strong
generalization on molecular, citation, and social graphs.

Differences with existing surveys. Most existing sur-
veys are organized around a single modality, such as tabu-
lar [10, 11], time series [12], or graphs [13, 14]. However,
this modality-specific perspective makes it hard to transfer
insights across domains and to compare design choices in
a consistent way, even when the underlying questions are
similar, such as how to transform the heterogeneous data into
a unified input space, which inductive biases are necessary,
what pre-training signals are effective, and how to generalize
beyond the training distribution. This survey addresses these
gaps by placing tabular data, time series data, and graph data
within a unified framework. We first clarify modality-specific
characteristics and shared challenges, and identify a set of
common principles, then systematically review model families
for each modality using consistent dimensions: data tokeniza-
tion, model architecture, pre-training datasets and objectives,
domain transferability, adaptation strategies, and supporting
downstream tasks.
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Fig. 1. Overview of the taxonomy for foundation models on structured data. At the top level, we identify a set of common principles underlying foundation
models for structured data, including data tokenization, model architecture, pre-training objectives, and adaptation strategies. Building upon these shared
dimensions, the framework further organizes existing approaches across three major structured data modalities (tabular, time series, and graph data), highlighting
both their common design patterns and modality-specific considerations.

Contributions. This survey provides a systematic and in-
depth review of foundation models for structured data, with
a particular focus on tabular, time series, and graph data.
We identify and analyze the core challenges that hinder the
development of foundation models for structured data. We or-
ganize existing approaches into a coherent taxonomy based on
tokenization, architecture design, pre-training objectives,
and adaptation strategies. This taxonomy highlights both
common design patterns across different structured modalities
and modality-specific solutions. We further discuss emerging
trends and open challenges, aiming to guide future research
toward more principled and scalable foundation models. To
facilitate further exploration, we maintain an up-to-date awe-
some list1 of relevant papers and resources.

Organization. The content of this paper is organized as fol-
lows. In Section II, we introduce the three types of structured
data, summarize the characteristics of foundation models,
and analyze the challenges of constructing foundation models
specifically for structured data. Then we provide the common
principles for designing foundation models for structured data
in Section III. Subsequently, we systematically introduce and
analyze tabular foundation models (Section IV), time series
foundation models (Section V), and graph foundation models
(Section VI). Finally, we summarize the main challenges
and future directions of advancing the foundation model for
structured data in Section VII while concluding the survey in
Section VIII. The overall organization is shown in Fig. 1.

1https://github.com/RingBDStack/awesome-structured-data-FM

II. BACKGROUND

In this section, we provide the background for understanding
foundation models over structured data. We first analyze the
intrinsic properties of structured data and then discuss the core
concepts and characteristics of foundation models. Building on
these perspectives, we then examine the key challenges that
arise when adapting foundation model paradigms to structured
data. An overview of these aspects is illustrated in Fig.2.

A. Structured Data: Types, Properties, and Inductive Biases

Although all tabular, time series and graph data are “struc-
tured”, they differ in how information is organized and which
invariances should be preserved. These differences define the
intrinsic properties and key inductive biases that foundation
models must encode to learn and generalize.

1) Tabular data: Tabular data consists of instances repre-
sented as rows and features represented as columns, where
each column may correspond to a distinct data type (e.g.,
numerical, categorical, or ordinal). Tabular data is inherently
schema-driven, with intrinsic structure primarily residing at
the schema level through feature definitions, data types, and
domain constraints. Dominant inductive biases in tabular
data include feature-wise heterogeneity under a fixed schema,
functional dependencies between features, and permutation
invariance across instances. Effective models must capture
complex inter-instance relationships while respecting feature
heterogeneity.

2) Time series data: Time series consist of sequences
of observations indexed by time, potentially across multiple

https://github.com/RingBDStack/awesome-structured-data-FM
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Fig. 2. Unstructured vs. structured data for foundation modeling. The figure compares text and images with tabular, time series, and graph data in terms
of data properties, tokenization, and homogeneity. While unstructured data typically has homogeneous representations and canonical tokenization, structured
data is heterogeneous, lacks a unified tokenization scheme, and requires modality-specific inductive biases.

variables. Time series data exhibit strong temporal order-
ing, dynamic dependencies, and often multi-scale patterns,
including trends, seasonality, and abrupt changes. The core
inductive bias of time series data include temporal dependency,
directionality, local continuity, and causality awareness, typi-
cally assuming that nearby past time points are more strongly
correlated with and can influence future ones. Unlike text
sequences, temporal order in time series data often reflects
underlying physical or causal processes, which complicates
the transfer of sequence modeling from language models.

3) Graph data: Graph data represents entities as nodes
and relationships as edges, forming explicit non-Euclidean
structures. The semantics of graph data emerge from struc-
tural patterns, including multi-hop connectivity, substructures,
and hierarchical and compositional organizations such as
communities. The primary inductive biases in graph data
include permutation invariance over nodes, relational lo-
cality within neighborhoods, and higher-order dependencies
among substructures. Effective representations must encode
high-order relational patterns and substructure semantics in a
permutation-equivariant manner.

B. Foundation Models: Core Concepts and Characteristics

Foundation models are intended to act as a shared base
model that can support a wide spectrum of downstream tasks
or domains, which have a set of widely recognized character-
istics that emphasize generality, reusability, and adaptability.

1) General-purpose representations: A central consensus
is that foundation models learn reusable and transferable
representations. These models are pretrained on large-scale
and diverse datasets within a domain or across domains.
These representations are typically task-agnostic and capture
underlying patterns that generalize beyond narrowly defined
tasks. The value of a foundation model lies in the breadth of
tasks it enables, rather than achieving the best performance on
any single benchmark.

2) Efficient and robust adaptability: Foundation models
should be adapted to new tasks or data distributions at a

relatively low cost than retraining from scratch, serving as a
stable “foundation” that downstream models can build upon.
They are expected to exhibit robustness and retain their utility
when transferred to new tasks or domains, reflecting the
stability and generality of learned representations.

C. Why Structured Data Breaks Conventional Foundation
Model Assumptions

The foundation model paradigm has been largely shaped by
successes in language and vision, where assumptions such as
data homogeneity, canonical data tokenization, and universal
grounded inductive biases generally hold. In contrast, struc-
tured data systematically violates these assumptions.

1) Data heterogeneity and inductive biases: Structured
data encompasses a wide range of data characteristics, each as-
sociated with distinct and often incompatible inductive biases.
Unlike language or images, where relatively stable inductive
biases enable the use of generic architectures across datasets,
structured data exhibits substantial heterogeneity, with frag-
mented, dataset-specific biases arising from human-designed
schemas, temporal processes, and relational semantics. This
variability challenges the assumption that a single architec-
tural paradigm or pre-training strategy can produce broadly
transferable representations, limiting the effectiveness of task-
agnostic pre-training.

2) Lack of canonical tokenization: A key enabler of
foundation models in language and vision is that they have
well-defined discrete tokens and regular shape, such as words
or image patches, which allow data to be mapped into a
uniform input space. Structured data, by contrast, lacks such
canonical tokenization. Features, time steps, and nodes do
not correspond to interchangeable semantic units, and their
meanings are often context-dependent. As a result, defining
a consistent tokenization scheme that supports scalable pre-
training and transfer across datasets remains challenging.

3) Coupling between structural semantics and tasks: In
structured data, the relevance of features, temporal patterns, or
relational substructures is highly task-dependent, and the same



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 4

structural pattern may carry different meanings across tasks
or domains. This contrasts with unstructured data, where pre-
training objectives can often rely on largely task-independent
signals. The tight coupling between structural semantics and
downstream tasks complicates the design of universal pre-
training objectives. As a result, a single pretrained represen-
tation is less likely to generalize across diverse tasks without
substantial adaptation.

III. COMMON PRINCIPLES

Before diving into foundation models for tabular, time
series, and graph data, it is useful to first identify a set of
common principles that underpin their design. Although these
modalities differ in surface form, they share a fundamental
challenge: how to model structured, heterogeneous data while
enabling scalable pre-training and transferable adaptation. To
this end, we outline five key principles that will serve as a
unifying lens throughout the rest of this survey.

A. Structured, Heterogeneous, and Semantically Constrained
Data

Despite their differences, tabular, time series, and graph
data can all be viewed under a unified paradigm of structured
data. In all three cases, semantics are tightly coupled with
explicit organization patterns rather than isolated tokens. Tab-
ular data is governed by schema and feature dependencies,
time series by temporal order and dynamics, and graphs by
relational topology and higher-order connectivity. This shared
property implies that foundation models in these domains must
go beyond homogeneous token spaces, and instead reason
over structured, heterogeneous, and semantically constrained
inputs. This perspective motivates many of the design choices
discussed in the following sections.

B. Tokenization as Structure-Preserving Abstraction

Unlike text or images, structured data are not naturally
in the form of tokens. As a result, tokenization becomes a
fundamental modeling step rather than mere preprocessing.
Across modalities, the core idea is to transform raw structured
inputs into transferable units that can support scalable pre-
training. For example, tabular foundation models [15, 16]
serialize cells or attribute-value pairs, time series foundation
models [6, 17] operate on points or patches, and graph founda-
tion models [18, 19] construct tokens from nodes, subgraphs,
or structural components. The underlying principle remains the
same: tokenization serves as an abstraction layer that preserves
essential structure while making the data compatible with
foundation-model-style learning.

C. Data-native vs. LLM-based Architecture Paradigms

Architectural design in structured data foundation models
reflects a recurring trade-off between preserving modality-
specific inductive biases and leveraging scalable, general-
purpose backbones. This leads to three broad design
paradigms: (1) data-native encoders tailored to specific struc-
tures [4, 20, 21], (2) language-model-based formulations that

recast structured data into sequences [16, 22, 23], and (3)
hybrid approaches that combine both [24, 25, 26]. These
paradigms highlight a shared design logic: architecture is
not chosen solely for representational power, but also for
how effectively it balances expressiveness, scalability, and
transferability.

D. Pre-training by Learning Generalizable Structural Priors

Another common principle is that pre-training is used to
learn reusable priors rather than task-specific heuristics. Across
the three modalities, the dominant objectives repeatedly fall
into a small number of paradigms, including supervised pre-
dictive learning [4, 27], masked or denoising reconstruc-
tion [17, 20], and autoregressive learning [7, 28] or self-
supervised objectives [8, 9]. Although their implementations
differ, these objectives all aim to encode stable regularities
that can generalize across datasets, domains, and downstream
tasks. This emphasis on transferable structural priors is central
to the success of foundation models on structured data.

E. Efficient and Structure-Preserving Adaptation

Finally, structured data foundation models increasingly treat
downstream tasks as efficient adaptations of a shared pre-
trained model, rather than training from scratch. This gives
rise to common adaptation strategies such as fine-tuning [29,
6, 30], prompting [31, 32], and in-context learning [4, 33].
Across different modalities, these approaches follow the same
high-level principle: adapt pretrained knowledge to new tasks
with minimal modification, while preserving as much of the
learned structural prior as possible.

IV. TABULAR FOUNDATION MODELS

Tabular Foundation Models (TFMs) aim to learn transfer-
able knowledge from large-scale tabular datasets and gener-
alize across heterogeneous schemas, datasets, and tasks. In
the following, we review representative TFMs in terms of
pretraining data, objectives, tokenization, architecture, and
adaptation strategy, and summarize them in Table I.

A. Pre-training Data Construction

Existing TFMs adopt diverse strategies to approximate a
broad data distribution, which can be broadly categorized into
three paradigms: synthetic data, real-world data, and high-
quality knowledge bases.

1) Synthetic data from priors: One prominent line of work
constructs pre-training data by generating synthetic data from
carefully designed priors, assuming that tabular datasets share
common generative patterns. TabPFNv2 [4] generates datasets
from structural causal models (SCMs), while LimiX [5] further
extends this approach with hierarchical SCMs for context-
conditional masked modeling, where variables are sampled
according to directed acyclic graphs with parameterized func-
tional relationships. Subsequent works such as TabICL [33],
TabForestPFN [37], and MITRA [34] introduce tree-based
priors on top of SCMs, incorporating hierarchical decision
boundaries and the non-linear feature interactions character-
istic of gradient-boosted trees and random forests.
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TABLE I
OVERVIEW OF REPRESENTATIVE TABULAR FOUNDATION MODELS (TFMS).

Method Pretraining Data Pre-training
Objective & Task Tokenization Model

Architecture
Adaptation
Strategy

Domain
Transferability

Downstream
Task Venue

MITRA [34] synthetic data
(SCM, tree-based priors)

classification,
regression cell Transformer FT, ICL 1:N CLS, REG NeurIPS 2025

UniTabE [29] real-world
tabular datasets

masked
cell prediction,
row-wise
contrastive learning

name-value
tuple Transformer FT N:N CLS, REG ICLR 2024

CARTE [35] large knowledge base
contrastive learning
of graphlet and
truncation pairs

row Transformer FT N:N CLS, REG ICML 2024

PORTAL [36] real-world
tabular datasets masked cell modeling row Transformer FT N:N CLS, REG NeurIPS 2024

Workshop

TabForestPFN [37] synthetic data
(SCM, tree-based priors) classification cell Transformer FT, ICL 1:N CLS arXiv 2024

TabPFNv2 [4] synthetic data (SCM) masked cell prediction cell Transformer ICL 1:N CLS, REG Nature 2025

TabICL [33] synthetic data
(SCM, tree-based priors) classification row Transformer ICL 1:N CLS ICML 2025

TabDPT [27] real-world
tabular datasets

masked column
prediction row Transformer ICL N:N CLS, REG NeurIPS 2025

TabSTAR [38] real-world
tabular datasets

classification,
regression

name-value
tuple Transformer FT N:N CLS, REG NeurIPS 2025

TABULA [39] real-world
tabular datasets

column-wise
reconstruction

name-value
tuple Transformer FT N:N IMP NeurIPS 2025

TARTE [40] large knowledge base contrastive learning
of entities and facts

name-value
tuple Transformer FT N:N CLS, REG TMLR 2025

LimiX [5] synthetic data (SCM) context-conditional
masked modeling cell Transformer ICL 1:N CLS, REG,

IMP, GEN arXiv 2025

Real-TabPFN [41] synthetic, real-world
tabular datasets classification cell Transformer ICL 1:N CLS arXiv 2025

TabLLM [16] text table-to-text
generation

name-value
tuple LLM FT 1:N CLS AISTATS 2023

UniPredict [42] real-world
tabular datasets

table-to-text
generation

name-value
tuple LLM IT 1:N CLS, REG arXiv 2023

TP-BERTa [15] real-world
tabular datasets CLS, REG name-value

tuple LLM FT N:N CLS, REG ICLR 2024

TABULA-8B [43] real-world
tabular datasets tabular prediction row LLM ICL 1:N CLS, REG NeurIPS 2024

IngesTables [24] real-world
tabular datasets

attention-based
tabular modeling

name-value
tuple

Transformer
+ LLM FT N:N CLS, REG NeurIPS 2023

Workshop

Adaptation Strategy: “FT” denotes “Fine-Tuning”, “ICL” denotes “In-Context Learning”.
Downstream Task: “CLS” denotes “Classification”, “REG” denotes “Regression”, “IMP” denotes “Imputation”, and “GEN” denotes “Generation”.

2) Real-world data across diverse domains: An alternative
paradigm relies on large collections of real-world tabular
datasets from multiple domains, aiming to learn cross-dataset
statistical regularities (e.g., feature co-occurrence, missingness
structures, and label distributions). Representative domains
include biology, finance, industry, and medicine, etc. Models
such as TabDPT [27], TP-BERTa [15], and UniTabE [29]
are pretrained on curated corpora comprising datasets with
diverse feature spaces, scales, and semantics. TabSTAR [38]
further highlights the inclusion of datasets with rich textual
attributes, creating a more semantically enriched foundation
model. Real-TabPFN [41] extends the synthetic-prior pretrain-
ing of TabPFNv2 [4] by continued pre-training on real-world
datasets, demonstrating that adaptation to real data can further
strengthen a PFN-style model.

3) Large knowledge base: CARTE [35] and TARTE [40]
construct pre-training data from large-scale knowledge bases,
where tables encode factual information about the real world.
These knowledge-base-derived tables prioritize factual con-
sistency and semantic alignment across tables, effectively

grounding tabular representations in world knowledge. In
these methods, the pretraining corpus is not collected as
ordinary tabular datasets, but derived from knowledge graphs
or relational facts that are transformed into table-compatible
structures.

B. Pre-training Objectives and Tasks
Current pre-training tasks include supervised downstream

tasks, masked reconstruction, and contrastive learning.
1) Supervised tasks: A widely adopted paradigm di-

rectly adopts supervised tasks (e.g., classification and regres-
sion) as pre-training objectives. Representative works include
TabICL [33], MITRA [34], and TabForestPFN [37], which
directly optimize supervised prediction tasks during pretrain-
ing. In contrast, PFN-style methods such as TabPFNv2 learn
to make predictions through synthetic task distributions and
masked target inference in an in-context learning framework.
This approach relies on the availability of labeled datasets and
may bias the learned representations toward the specific task
distributions seen during training.
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2) Masked reconstruction: Another line of work formu-
lates pretraining as a masked modeling problem. UniTabE [29]
and PORTAL [36] predict masked cell contents from the
remaining context, encouraging the encoder to capture feature
dependencies and heterogeneous value semantics. LimiX [5]
further develops a context-conditional masked modeling ob-
jective under hierarchical SCMs. Unlike standard masked
reconstruction methods, TabPFNv2 [4] masks target labels
and predicts them through in-context prediction. TabDPT [27]
proposes pre-training by masked column prediction, which
imposes a stronger requirement to infer high-level column
semantics from cross-feature context.

3) Contrastive learning: Contrastive learning is an alterna-
tive self-supervised objective for pre-training. UniTabE [29]
adopts row-wise contrastive learning, encouraging instance-
level consistency under feature corruption. CARTE [35] ap-
plies contrastive learning on graphlet and truncation pairs,
treating subgraphs extracted from tables semantically aligned
views. TARTE [40] performs contrastive learning over entity-
fact relational structures, aligning entity representations with
their factual contexts derived from knowledge bases.

C. Data Tokenization and Representation

Data tokenization and representation determine the ba-
sic computational units and levels of semantic granularity.
Existing approaches can be broadly categorized into three
paradigms: cell, row, and name-value tuple.

1) Cell-level tokenization: Cell-level tokenization treats
each individual cell value as a basic token, typically augmented
with feature-type embeddings. Representative methods include
TabPFNv2 [4], MITRA [34], and LimiX [5]. In MITRA [34],
cell-level tokenization mainly corresponds to its 2D element-
wise variant, while the method also supports a 1D row-wise
formulation. This representation provides fine-grained access
to raw feature values, allowing models to directly capture local
dependencies among entries within a row. It is especially well-
suited for reconstruction-based pre-training objectives.

2) Row-level tokenization: Row-level tokenization ab-
stracts an entire row into a compact embedding, focusing on
instance-level semantics rather than individual feature values.
Representative methods include TabICL [33], TabDPT [27],
and PORTAL [36]. In particular, PORTAL [36] follows a
row-wise processing scheme while using content-specific en-
codings for text, numerical, and date cells. This scheme
encourages models to achieve permutation invariance over
columns.

3) Column name-value tuple: This paradigm represents
tabular data as a set of column name-value tuples, explicitly
pairing each feature value with its semantic identifier. Rep-
resentative methods include TabSTAR [38], TP-BERTa [15],
IngesTables [24], and UniPredict [42]. This scheme aligns tab-
ular modeling with language-based representations, facilitating
better generalization across heterogeneous schemas.

D. Model Architecture

Most existing TFMs are built upon Transformer architec-
tures, owing to their flexibility in modeling feature interactions

and compatibility with large-scale pretraining. Some works
further enhance pre-trained language models with Transformer
for richer semantic representation.

1) Transformer-based architecture: A representative line
of work, exemplified by TabPFNv2 [4], introduces the concept
of Prior-Data Fitted Networks (PFNs) into tabular learning. It
employs a two-way attention mechanism—comprising feature
attention and sample attention, making each cell to attend
both to other features in its row and the same feature across
its column. Building on this foundation, subsequent meth-
ods further refine the Transformer architecture. TabICL [33]
proposes a column-then-row sparse attention across all cells
by leveraging the column or row inherent structure as a
strong inductive bias, thereby enhancing both scalability and
efficiency. MITRA [34] adopts both row-based attention and
element-based attention across rows and columns. Beyond
standard row and column attention, CARTE [35] adapts the
Transformer encoder into a graph attentional network over
graphlets derived from knowledge bases, extending tabular
modeling to relational structures.

2) Pre-trained language model based architecture: Pre-
trained language models (PLMs) are used to transform tables
into a textual or token-based form. TP-BERTa [15] introduces
relative-magnitude-based numerical tokenization, mapping nu-
merical values into discrete tokens that can be processed
by a RoBERTa-based language model. TabLLM [16] serial-
izes feature names and values into natural-language strings
and adapts a pretrained LLM for tabular classification, of-
ten with parameter-efficient fine-tuning. TABULA-8B [43]
adapts Llama 3-8B for tabular prediction by treating serialized
rows as language modeling sequences, emphasizing zero-shot
and few-shot generalization without target-task fine-tuning.
UniPredict [42] fine-tunes an LLM on multiple datasets with
diverse targets by instruction-conditioned generative tabular
prediction and target augmentation. Both approaches leverage
the semantic priors encoded in PLMs, particularly for datasets
involving rich textual information or complex feature seman-
tics.

3) Hybrid architecture: It integrates language-based se-
mantic encoders with tabular-specific interaction modules.
For example, TARTE [40] combines semantic encoders for
column-aware value representations with a Transformer back-
bone for table modeling. IngesTables [24] encodes feature
semantics using cached LLM embeddings and then applies
a MapTransformer to model interactions among key-value
tuples, enabling transfer across heterogeneous schemas.

E. Adaptation Strategy

Typical adaptation strategies for TFMs include in-context
learning, prompt-based adaptation, and fine-tuning.

1) In-Context Learning: In-Context Learning (ICL) sets
training data as context for testing and predicts in a single
forward pass without updating parameters. TabPFNv2 [4]
performs ICL with tables, training across datasets and applying
it to the entire test dataset rather than to individual samples.
TabICL [33] employs a two-stage ICL, which first encodes
rows and then combines these embeddings with corresponding
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labels for ICL, significantly improving the scalability of ICL
for tables. TabDPT [27] performs the ICL-based retrieval by
selecting only the top-K most similar training rows as context
at inference time. Besides PFN-style models, recent methods
such as MITRA [34] and LimiX [5] also adopt in-context
prediction as a primary adaptation interface.

2) Prompt-based adaptation: TabLLM [16] prompts the
LLM with both a natural-language string representing the
serialization of a row and a short task-specific prompt.
UniPredict [42] prompts by integrating pre-processed meta-
data, tabular samples, and task instructions into text inputs for
LLMs.

3) Fine-tuning: TabSTAR [38] fine-tunes the pre-trained
model using Low-Rank Adaptation (LoRA) [44] on a single
downstream task. CARTE [35] involves two fine-tuning set-
tings: single-table inference with power-transformed numerical
features and bagging, and transfer learning where the model
is jointly fine-tuned on source and target tables with outcome
alignment and bagging. UniTabE [29] treats the target as
a masked column for prediction in classification/regression
tasks, or uses task-specific prompts with instructions and ques-
tions for reasoning tasks such as Table QA. TABULA [39] fol-
lows a pretraining-then-finetuning paradigm for downstream
single-cell tasks, including gene imputation, perturbation pre-
diction, and cell-level prediction under federated settings.

F. Recent Advances and Applications

1) Trustworthiness: The trustworthiness of TFMs has gar-
nered rising attention, encompassing aspects such as robust-
ness, privacy, attacks, and defense strategies. RTFM [45]
proposes a model-agnostic adversarial training framework for
TFMs, aiming to make the model adapt to more challenging
data regions. Another work [46] proposes test-time attacks and
in-context defenses for TFMs, highlighting the importance of
trustworthiness in real-world applications.

2) Applications: TABULA [39] integrates federated learn-
ing into a tabular foundation model for single-cell transcrip-
tomics, combining gene reconstruction and cell-level con-
trastive objectives under privacy-aware, distributed pretraining.

Saito et al. [47] apply TabPFN as a zero-training tabular
foundation model to geotechnical site characterization tasks,
including spatial prediction and missing-parameter imputation.
It outperforms a hierarchical Bayesian model in accuracy and
uncertainty estimation, while achieving faster or more efficient
inference.

G. Datasets and Benchmarks

Tabular data is ubiquitous across various domains and real-
world applications. Consequently, numerous existing works
have focused on curating datasets and benchmarks for TFMs.
UniTabE [29] collects data from Kaggle of a 7TB corpus
containing 13 billion tabular examples. OpenTabs [48] pro-
vides a dataset sourced from the web, including approximately
46 million tabular samples. TabArena [49] manually curates
51 small to medium-sized tabular IID datasets, and evaluates
16 tabular machine learning models alongside 3 TFMs with

a public leaderboard2. TabularFM [50] provides an open-
source framework3 for constructing and benchmarking TFMs.
A recent work [51] proposes to benchmark the privacy leakage
of TFMs in synthetic tabular data generation.

V. TIME SERIES FOUNDATION MODELS

Time Series Foundation Models (TSFMs) aim to learn
transferable temporal knowledge from large-scale time series
and generalize across heterogeneous domains and tasks. In the
following, we review representative TSFMs in terms of pre-
training data, objectives, tokenization, architecture, adaptation
strategy, and transferability, and summarize them in Table II.

A. Pre-training Data Construction

1) Real-world datasets: Pre-training data construction pri-
marily relies on large collections of real-world datasets span-
ning multiple application domains and reflecting the inherent
heterogeneity of real-world time series [54]. Representative
domains include finance, energy systems, traffic, climate,
and others. The selected time series data exhibit substan-
tial variability in temporal resolution, amplitude scale, dom-
inant frequencies, and degrees of stationarity, posing sig-
nificant challenges for learning transferable representations.
CloudOps [67] proposes introducing large-scale time series
forecasting datasets from the cloud operations domain, com-
prising billions of observations, thereby enabling the study of
the scaling of TSFMs.

2) Synthetic data: A growing line of work explores
synthetic time series as a complementary strategy. Fore-
castFPN [52] explores pre-training on synthetic time series
generated from structured priors that include periodic compo-
nents, global trends, and stochastic noise. Such synthetic data
provide a controllable way to enrich pre-training distributions
and expose the model to diverse temporal patterns.

B. Pre-training Objectives and Tasks

Pre-training tasks for time series foundation models are
primarily designed to capture temporal dependencies. Existing
approaches can be broadly grouped into three categories:
supervised predictive tasks, masked reconstruction, and next
token prediction.

1) Supervised predictive tasks: Most TSFMs that are
pretrained directly on time series corpora adopt forecasting-
oriented objectives. For example, TimesFM [6] is trained
with a point forecasting objective, while Time-MoE [57] fur-
ther extends this paradigm with multi-resolution forecasting.
MOIRAI [55] optimizes probabilistic forecasting objectives
over heterogeneous datasets, while Chronos [7] formulates
pre-training as autoregressive density estimation over dis-
cretized time-series tokens. In contrast, TEMPO [25] is better
viewed as a prompt-based adaptation framework built on a
pretrained GPT backbone, rather than a representative example
of large-scale time-series pretraining.

2https://tabarena.ai
3https://tabularfm.github.io/

https://tabarena.ai
https://tabularfm.github.io/
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TABLE II
OVERVIEW OF REPRESENTATIVE TIME SERIES FOUNDATION MODELS (TSFMS).

Method Pretraining Data Pre-training
Objective & Task Tokenization Model

Architecture
Adaptation
Strategy

Domain
Transferability

Downstream
Task Venue

ForecastFPN [52] synthetic data
(periodicity) point forecasting point Transformer / 1:N FCT NeurIPS 2023

Lag-Llama [53] real-world time
series datasets

probabilistic
forecasting lag-feature vector Transformer / N:N FCT NeurIPS 2023

Workshop

TimeGPT-1 [54] real-world time
series datasets forecasting sliding window Transformer FT N:N FCT arXiv 2023

UniTime [20] real-world time
series datasets

point forecasting,
reconstruction patch with fixed length Transformer ICL N:N FCT WWW 2024

TimesFM [6]
synthetic data and
real-word time
series datasets

point forecasting patch with fixed length Transformer FT N:N FCT ICML 2024

MOMENT [17] real-world time
series datasets

masked
reconstruction patch with fixed length Transformer FT N:N FCT, CLS,

IMP, AD ICML 2024

MOIRAI [55] real-world time
series datasets

probabilistic
forecasting

patch with
adaptive length Transformer ICL N:N FCT ICML 2024

Timer [28] real-world time
series datasets

next token
prediction patch with fixed length Transformer / N:N FCT, IMP,

AD ICML 2024

UNITS [56] real-world time
series datasets

masked
reconstruction patch with fixed length Transformer PL N:N FCT, CLS,

IMP, AD NeurIPS 2024

Time-MoE [57] real-world time
series datasets

multi-resolution
forecasting point Transformer FT, ICL N:N FCT ICLR 2025

WaveToken [58] real-world time
series datasets

next token
prediction wavelet Transformer ICL N:N FCT ICML 2025

ROSE [59] real-world time
series datasets

masked
reconstruction patch with fixed length Transformer FT N:N FCT ICML 2025

GPT4TS [60] / / patch with fixed length LLM FT 1:N FCT, CLS,
IMP, AD NeurIPS 2023

LLMTime [22] / / point, strings of digits LLM / 1:N FCT NeurIPS 2023
PromptCast [31] / / point, strings of digits LLM FT 1:N FCT TKDE 2023

GPT4MTS [61] real-world large
event datasets

multimodal
forecasting

patch with reversible
instance normalization LLM PL 1:1 FCT AAAI 2024

TIME-LLM [62] / / patch with fixed length LLM PL 1:N FCT ICLR 2024

AutoTimes [63] real-world time
series datasets

next token
prediction patch with fixed length LLM PL, ICL N:N FCT NeurIPS 2024

Chronos [7]
real-word time
series datasets and
synthetic data

autoregressive
density estimation quantization LLM / N:N FCT TMLR 2024

CALF [64] / / text and time series
emebdding LLM FT N:N FCT AAAI 2025

LLM4TS [65] /
autoregressive
time-series
alignment

patch with fixed length LLM FT 1:N FCT TIST 2025

LLM-Mixer [66] / / text and time series
emebdding LLM FT 1:N FCT ACL 2025

Workshop

TEMPO [25] / point forecasting patch with fixed length Transformer
+ LLM PL N:N FCT ICLR 2024

Adaptation Strategy: “FT” denotes “Fine-Tuning”, “PL” denotes “Prompt Learning”, “ICL” denotes “In-Context Learning”.
Downstream Task: “CLS” denotes “Classification”, “FCT” denotes “Forecasting”, “IMP” denotes “Imputation”, and “AD” denotes “Anomaly Detection”.

2) Masked reconstruction: Inspired by masked modeling,
segments or tokens of a time series are masked, and the model
is trained to reconstruct the missing parts from the observed
context. Representative methods such as MOMENT [17] and
UNITS [56] show that masked reconstruction can effectively
encourage the model to learn contextual temporal represen-
tations from partially observed inputs. UniTime [20] is also
related to this family, but it combines reconstruction and fore-
casting objectives within a language-empowered cross-domain
framework guided by domain instructions. ROSE [59] further
extends masked modeling to the frequency domain through
multi-frequency masked reconstruction, aiming to learn more
transferable temporal patterns.

3) Next token prediction: Similar to the pre-training objec-
tive of language models, the model learns to predict the next
token in an autoregressive manner. Representative methods
include Timer [28], AutoTimes [63], and WaveToken [58].
This approach leverages sequential token prediction to model
long-range dependencies and complex temporal dynamics,
facilitating architectural reuse and scalable pre-training.

C. Data Tokenization and Representation

Tokenization for time series defines the temporal granularity
at which patterns are modeled. It also determines the balance
between expressiveness and computational efficiency. Existing
approaches can be broadly categorized into three paradigms:
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point-level, patch-level, and temporal feature representation.
These different tokenization strategies reflect a trade-off be-
tween temporal fidelity, abstraction level, and inductive bias.

1) Point-level tokenization: The most fine-grained strat-
egy treats individual points as tokens, directly modeling raw
sequences. This approach preserves temporal resolution and
is adopted by methods such as Time-MoE [57] and Fore-
castFPN [52], making it well-suited for capturing precise tem-
poral alignments. PromptCast [31] further serializes numerical
observations into textual prompts, thereby bridging point-wise
values with language-style sequence modeling. However, the
resulting tokens pose challenges for scalability and modeling
long-range dependencies.

2) Patch-level tokenization: A more prevalent approach
aggregates consecutive time points into patches that summa-
rize local temporal contexts. Models such as TimesFM [6],
MOMENT [17], and UniTime [20] adopt this strategy, signif-
icantly reducing sequence length while enabling the model to
capture higher-level temporal patterns. MOIRAI [55] extends
this paradigm by introducing patches with adaptive lengths,
allowing dynamic adjustments for varying frequencies.

3) Temporal feature representation: This approach de-
rives temporal features rather than raw values for tokeniza-
tion. WaveToken [58] employs wavelets to encode frequency-
localized information, explicitly capturing multi-scale tempo-
ral patterns. Similarly, Lag-Llama [53] transforms sequences
into lag feature vectors, emphasizing autoregressive dependen-
cies and temporal offsets. By explicitly embedding temporal
features into the tokenization process, these methods incor-
porate strong inductive biases that complement data-driven
learning.

D. Model Architecture

Architectures are largely shaped by advances in sequence
modeling, featuring two dominant paradigms: Transformer-
based architectures and LLM-based architectures.

1) Transformer-based architecture: Transformer-based
TSFMs typically adapt the standard Transformer backbone to
handle heterogeneous temporal resolutions, variable context
lengths, and diverse forecasting horizons. A common design
uses patch-based tokenization followed by sequence model-
ing with Transformer encoders, decoders, or encoder-decoder
variants, as in TimesFM [6], MOMENT [17], UniTime [20],
MOIRAI [55], and Timer [28]. Some methods further intro-
duce specialized architectural mechanisms to improve scala-
bility or inductive bias. For example, Time-MoE [57] lever-
ages a sparse mixture-of-experts design to increase model
capacity while maintaining computational efficiency, whereas
ROSE [59] incorporates frequency-aware masked modeling for
more transferable temporal representation learning.

2) LLM-based architecture: LLM-based architectures
reinterpret time series modeling through the lens of language
modeling, but differ substantially in how temporal signals
are mapped into language-model-compatible inputs. Other
methods directly serialize numerical observations into tex-
tual sequences, as in PromptCast [31] and LLMTime [22].
Some methods align time-series segments or patches with

pretrained language-model backbones, such as GPT4TS [60],
TIME-LLM [62], and AutoTimes [63]. Another line of work
discretizes continuous values into finite vocabularies and per-
forms language-model-style prediction over quantized tokens,
as exemplified by Chronos [7]. For example, LLMTime [22]
encodes numbers as text and samples possible extrapolations
as text completions, whereas TIME-LLM [62] reprograms
time-series patches into text prototype representations and
augments them with textual prompts.

E. Adaptation Strategy
1) Direct inference: Some TSFMs can be used directly

for inference on downstream datasets without introducing
additional task-specific fine-tuning or prompt optimization.
This paradigm is particularly common in zero-shot forecasters
which aim to generalize across unseen datasets while pre-
serving the original generative mechanism of the pretrained
model. Representative examples include ForecastPFN [52],
Lag-Llama [53], LLMTime [22], and Chronos [7]. Among
them, Chronos [7] first scales and quantizes continuous obser-
vations into discrete tokens, and then autoregressively samples
token sequences that are mapped back to numerical forecasts.

2) Prompt-based adaptation: It treats pre-trained time se-
ries models as frozen backbone learners and adapts them to
downstream tasks by designing task-specific prompts, either as
learnable tokens, textual instructions, or contextual sequences.
TEMPO [25] proposes a soft prompt strategy that incorporates
decomposed trend, seasonal, and residual information to better
accommodate the dynamic nature of time series. UNITS [56]
learns prompt tokens from the time series and adapts to new
tasks by utilizing these tokens while keeping the pre-trained
model weights frozen. TIME-LLM [62] combines prompting
with input reprogramming: it first maps time-series patches
into text prototype representations and then uses a Prompt-
as-Prefix strategy to enrich the input with task-aware textual
context. AutoTimes [63] performs lightweight adaptation of a
frozen decoder-only LLM under a next-token-prediction objec-
tive, and further proposes an in-context forecasting mechanism
in which relevant historical time series are used as prompts.
Similar to machine translation, PromptCast [31] adopts both
input and output prompts, where the input prompt covers the
historical observations and prediction targets, and the output
prompt handles the desired prediction values for training or
evaluation.

3) Fine-tuning: Fine-tuning-based adaptation directly up-
dates a subset or all parameters of pretrained TSFMs on
downstream data. MOMENT [17] can either be fine-tuned
end-to-end or adapted via linear probing, where only the
reconstruction or forecasting head parameters are updated
while keeping the backbone frozen. GPT4TS [60] adapts
a pretrained GPT-style backbone to time series by freez-
ing most self-attention and feed-forward parameters, while
updating a small subset of components such as positional
embeddings and layer-normalization-related parameters during
fine-tuning. LLM4TS [65] employs two typical parameter-
efficient fine-tuning methods, including Layer Normalization
Tuning [68] and LoRA [44]. ROSE [59] first obtains domain-
specific register parameters through pre-training, then applies
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a Top-K selection strategy during fine-tuning to supplement
downstream data information. To align LLMs for time series
forecasting, CALF [64] utilizes three cross-modal fine-tuning
techniques including the Cross-Modal Match Module, the
Feature Regularization Loss, and the Output Consistency Loss
to fine-tune the temporal target branch.

F. Domain and Task Transferability

1) Domain transferability: Domain transferability is a
central goal of TSFMs, as many recent models are explicitly
designed to generalize across datasets with different tempo-
ral resolutions, scales, and semantic domains. Representa-
tive N:N transfer settings can be found in models such as
TimesFM [6], MOIRAI [55], MOMENT [17], Chronos [7],
and UniTime [20]. Among them, UniTime [20] proposes
a cross-domain learning framework that leverages natural-
language domain instructions to encode domain-specific in-
formation and facilitate zero-shot transfer to unseen domains.
ROSE [59] takes a different approach by introducing a time-
series register that stores domain-specific information dur-
ing pre-training and enables adaptive target-domain transfer
through downstream fine-tuning with register selection.

2) Task transferability: Task transferability remains a cen-
tral criterion for evaluating TSFMs. To date, the majority of
existing models are primarily designed for forecasting, reflect-
ing the dominance of prediction as the canonical task in tem-
poral modeling. Representative models include TimesFM [6],
Time-MoE [57], Chronos [7], MOIRAI [55], and others. In
contrast, only a smaller subset of TSFMs explicitly targets
broader task generalization, including forecasting, classifica-
tion, imputation, and anomaly detection. Representative mod-
els include MOMENT [17], UNITS [56], GPT4TS [60], and
Timer [28]. Although the exact task coverage differs across
methods, these models collectively extend TSFMs beyond pure
forecasting to broader tasks such as classification, imputation,
and anomaly detection. Such efforts move TSFMs closer to a
stronger notion of foundation models by pursuing more task-
agnostic temporal representations, although consistently trans-
ferable performance across heterogeneous time-series tasks
remains an open challenge.

G. Recent Advances and Applications

Recent advances in TSFMs can be broadly discussed from
the perspectives of vision transfer, multimodal fusion, retrieval
augmentation, and interactive systems.

1) Vision models: A recent trend is to reuse pretrained
vision models for time series analysis by converting tem-
poral signals into image-like representations. For example,
VisionTS [69] reformulates forecasting as an image recon-
struction task, while VisionTS++ [70] further explores cross-
modal time series foundation modeling.

2) Vision-time fusion: Another direction studies the fusion
of time series with visual information. Representative methods
include Time-VLM [71], which combines temporal, visual,
and textual signals using pretrained vision-language models,
and VISTA [72], which leverages visual representations for
training-free stock forecasting.

3) Retrieval augmentation: Inspired by RAG in LLMs,
many recent methods integrate TSFMs with retrieval mech-
anisms to improve forecasting on unseen patterns. Repre-
sentative examples include TimeRAG [73], TS-RAG [74],
RAG4CTS [75], TimeRAF [76], and Cross-RAG [77]. Beyond
single models, Ravuru et al. [78] further propose an agentic
RAG framework with a hierarchical multi-agent architecture
for time series analysis.

4) Interactive systems: Recent work also begins to de-
velop interactive systems around TSFM-related analysis. For
example, TSGAssist [79] combines TSGBench [80], LLMs,
and RAG to provide an interactive assistant for time-series
generation recommendation and benchmarking.

H. Datasets, Benchmarks and Frameworks

Recent efforts on TSFMs have introduced not only large-
scale pre-training corpora, but also dedicated benchmarks and
toolboxes for systematic evaluation. TSFM-Bench [81] eval-
uates TSFMs in multiple forecasting settings, including zero-
shot, few-shot, and full-shot. LTSM-Bundle [82] provides a
benchmark and a toolbox on LLMs for time series forecasting.
Some recent works propose benchmarking TSFMs on forecast-
ing tasks in specific applications, such as household electricity
load forecasting [83], oil production forecasting [84], and
probabilistic electricity price forecasting [85]. Benchmarks
for comprehensively evaluating temporal foundation models
across multiple tasks (e.g., classification, imputation, anomaly
detection) remain scarce.

VI. GRAPH FOUNDATION MODELS

Graph Foundation Models (GFMs) aim to learn transferable
knowledge from large-scale graph data and generalize across
heterogeneous domains and tasks. In the following, we review
representative GFMs in terms of pretraining data, objectives,
tokenization, architecture, adaptation strategy, and transfer-
ability, and summarize them in Table III.

A. Pre-training Data Construction

A central issue in GFMs concerns not only the source of
pre-training data, but also how such data is constructed to
support knowledge transfer. Existing studies can be broadly
grouped into three categories: text-attributed graphs, text-free
graphs, and others. Their differences lie primarily in whether
semantic information is available in explicit textual form, how
cross-domain commonalities is established, and what types of
transferable priors can be induced during pre-training.

1) Text-attributed graphs (TAGs): Text-attributed graphs
are graphs whose nodes or edges carry explicit textual descrip-
tions, or can be transformed into text through textualization.
Typical examples include citation and academic networks,
where nodes are associated with titles, abstracts, or documents.
The key property lies in their explicit semantic informa-
tion encoded in natural language, making them well-suited
for graph-language modeling. In practice, methods use such
data in different ways: OFA [19] and UniGraph [9] mainly
exploit text to unify heterogeneous tasks, GraphGPT [114]
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TABLE III
OVERVIEW OF REPRESENTATIVE GRAPH FOUNDATION MODELS (GFMS).

Method Pretraining Data Pre-training
Objective & Task Tokenization Model

Architecture
Adaptation
Strategy

Domain
Transferability

Downstream
Task Venue

GraphPrompt [32] text-free subgraph similarity subgraph GNN PL 1:1 NC, GC WWW 2023
HGPrompt [86] text-free subgraph similarity subgraph GNN PL 1:1 NC, GC AAAI 2024

GCOPE [8] text-free contrastive pretraining,
feature reconstruction node GNN FT, PL N:N NC KDD 2024

MultiGPrompt [87] text-free subgraph similarity encoder layer GNN PL 1:1 NC, GC WWW 2024
OpenGraph [88] text-free masked autoencoding node GNN / N:N NC, LP EMNLP 2024
GFT [89] text-attributed tree reconstruction computation tree GNN FT N:N NC, GC, LP NeurIPS 2024
AnyGraph [30] text-free link prediction node GNN FT 1:N NC, GC, LP arXiv 2024
MDGPT [90] text-free subgraph similarity domain GNN PL N:N NC, GC arXiv 2024
OMOG [91] text-attributed contrastive pretraining node GNN / N:N NC, LP arXiv 2024

GraphMoRE [92] text-free topology heterogeneity
modeling node GNN FT 1:1 NC, LP AAAI 2025

GraphAny [93] text-free node classification node GNN / 1:N NC ICLR 2025

GraphPrompter [94] text-free neighbor matching,
subgraph reconstruction subgraph GNN ICL N:N NC, GC, LP ICDE 2025

BRIDGE [21] text-free subgraph similarity aligner GNN PL N:N NC, GC ICML 2025
GIT [95] text-attributed tree reconstruction task tree GNN FT, IT, ICL N:N NC, GC, LP ICML 2025
MDGFM [96] text-free subgraph similarity domain GNN PL N:N NC ICML 2025

AutoGFM [97] text-attributed disentangled contrastive
representation learning subgraph GNN FT N:N NC, GC, LP ICML 2025

GCoT [98] text-free link prediction node GNN PL 1:1 NC, GC KDD 2025

PatchNet [99] text-free attribute masking
context prediction node patch GNN FT N:N NC, GC KDD 2025

SAMGPT [100] text-free subgraph similarity structure token GNN PL N:N NC, GC WWW 2025

UniGraph2 [101] multimodal reconstruction node GNN / N:N Multimodal
Tasks WWW 2025

RiemannGFM [102] text-attributed,
text-free

geometric
contrastive learning subgraph GNN FT N:N NC, LP WWW 2025

GraphCLIP [103] text-attributed contrastive learning
invariant alignment subgraph GNN PL N:N NC, LP WWW 2025

UniPrompt [104] text-free / prompt graph GNN PL N:N NC NeurIPS 2025

GraphKeeper [105] text-free continual
graph pretraining node GNN FT N:1 NC, GC NeurIPS 2025

H2GFM [106] text-attributed text-space node encoding,
context-path modeling node GNN / N:N NC, LP arXiv 2025

RWPT [107] text-attributed contrastive pretraining node sequence GNN FT N:N NC, GC, LP arXiv 2025
MDGCL [108] text-free contrastive pretraining subgraph GNN FT N:1 NC, GC arXiv 2025
GILT [109] text-free few-shot meta-pretraining node, edge, graph GNN ICL N:N NC, GC, LP arXiv 2025
GMoPE [110] text-free contrastive pretraining node GNN FT N:N NC, GC, LP arXiv 2025
GraphGlue [111] text-free geometric pretraining manifold patch GNN FT, PL N:1 NC, GC, LP ICLR 2026

LLaGA [23] text-attributed alignment tuning node sequence LLM IT N:N NC, LP ICML 2024

LangGFM [112] text-attributed,
text-free instruction tuning text LLM IT, ICL N:N NC, GC, LP arXiv 2024

PromptGFM [113] text-attributed multi-task
instruction tuning node LLM IT N:N NC, LP arXiv 2025

OFA [19] text-attributed graph classification subgraph GNN + LLM PL, ICL N:N NC, GC, LP ICLR 2024

GraphGPT [114] text-attributed contrastive alignment,
graph matching subgraph GNN + LLM IT N:N NC, LP SIGIR 2024

ZeroG [115] text-attributed semantic similarity prompting node,
subgraph GNN + LLM / N:N NC KDD 2024

GOFA [116] text-attributed generative modeling node, edge GNN + LLM IT N:N NC, GC, LP ICLR 2025
UniGraph [9] text-attributed text reconstruction node, subgraph GNN + LLM IT, ICL N:N NC, GC, LP KDD 2025

BooG [117] text-attributed super-node/
class-hypothesis matching subgraph GNN + LLM FT N:N NC, GC, LP FCS 2025

GRAVER [18] text-attributed subgraph similarity subgraph GNN + LLM PL N:N NC, GC NeurIPS 2025

SA2GFM [26] text-attributed subgraph similarity node,
structural entropy GNN + LLM PL N:N NC, GC AAAI 2026

Adaptation Strategy: “FT” denotes “Fine-Tuning”, “PL” denotes “Prompt Learning”, “IT” denotes “Instruction Tuning”, “ICL” denotes “In-Context
Learning”.
Downstream Task: “NC” denotes “Node Classification”, “GC” denotes “Graph Classification”, “LP” denotes “Link Prediction”.

and GraphCLIP [103] use it for graph-text alignment, while
GOFA [116] further structures textual information for graph-
aware generation. SA2GFM [26] leverages text via structure-
aware prompts derived from entropy-based encoding trees.

Hyper-FM [118] extends this setting to text-attributed hyper-
graphs, where textual vertex attributes are coupled with higher-
order relations for multi-domain foundation modeling.
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2) Text-free graphs: Text-free graphs do not contain ex-
plicit textual information, though they may include non-textual
attributes like numerical features derived from raw data. In
this setting, pre-training data construction primarily empha-
sizes structural diversity, feature heterogeneity, and cross-
domain regularity, since transferable priors must be learned
from topology and non-textual attributes rather than language.
Correspondingly, methods such as GraphPrompt [32] and
UniPrompt [104] typically organize such data through sub-
graphs or prompt-based structures, whereas SAMGPT [100],
BRIDGE [21], and other multi-domain pre-trained GFMs
use heterogeneous graph dataset collections to expose trans-
ferable patterns. Nonetheless, graphs inherently exhibit non-
Euclidean structures with complex interactions among their
entities, making traditional Euclidean space difficult for cap-
turing their rich structural complexity. In contrast, Rieman-
nian manifolds provide a principled framework for modeling
such structures, offering expressive tools for measuring graph
similarity and quantifying structural connectivity—tasks that
are often challenging in Euclidean space. Recent research
has begun to explore GFMs through the lens of Rieman-
nian graph learning [92, 102, 111, 119, 120] For example,
GraphMoRE [92] further captures such patterns via local
topology characterization and personalized mixed-curvature
embeddings. GBN [119] develops a unified interpretation of
MPNNs from the lens of Riemannian geometry with local
bottleneck adjustment. CRGFM [120] describes the graphs by
the mixture of curvature-based geometric experts.

3) Others: Recent work has expanded pre-training data
construction by reformulating the data representation itself.
One direction explores multimodal graphs, where graph el-
ements may carry text, images, or other modalities. Uni-
Graph2 [101] is representative of this setting. Another recasts
graphs into backbone-compatible interfaces, such as language-
readable formats or tabular representations. For example,
LangGFM [112] textualizes graphs into standard data formats
like JSON and XML, while G2T-FM [121] converts graphs
into tables for tabular foundation models. These settings sug-
gest that pre-training data construction in GFMs is increasingly
a problem of how to reformulate graph data to expose trans-
ferable priors under different foundation model backbones.

B. Pre-training Objectives and Tasks
Pre-training objectives define the transferable priors and

therefore shape the scope of their cross-domain and cross-
task generalization. Compared with conventional graph pre-
training, recent GFMs adopt substantially broader training
objectives. They no longer focus solely on task-specific pre-
diction but increasingly emphasize cross-domain alignment,
structure reconstruction, unified task formulation, and the
reuse of inherited pre-training signals. Existing methods can
be broadly grouped into three categories: contrastive and
alignment-based objectives, reconstruction and generative ob-
jectives, and objective-agnostic pre-training.

1) Contrastive and alignment: A major group of meth-
ods formulates pre-training around representation align-
ment, with the objective evolving from cross-domain fea-
ture consistency to cross-modal and geometric alignment.

Recent multi-domain methods, such as SAMGPT [100],
GCOPE [8], MDGCL [108], MDGFM [96], BRIDGE [21],
and GRAVER [18], primarily employ contrastive learning
to align features across domains, thereby inducing transfer-
able invariances. Subsequent work extends alignment beyond
the representation space: GraphCLIP [103] aligns subgraphs
with LLM-generated summaries to inject semantic consis-
tency, while RiemannGFM [102] performs contrastive learn-
ing across hyperbolic and hyperspherical views to encode
geometric consistency. Overall, this line broadens the notion
of invariance in GFM pre-training from feature alignment to
semantic and geometric alignment.

2) Reconstruction and generative: Another line of GFMs
defines pre-training with reconstruction, evolving from masked
recovery to graph generation. Earlier methods, including Un-
iGraph [9], GFT [89], GIT [95], UniGraph2 [101], Open-
Graph [88], and RWPT [107], mainly reconstruct masked
structure, attributes, semantics, or unified task representations.
Among these methods, GFT [89] is notable for learning
transferable computation trees through joint recovery of fea-
tures, topology, and semantics. Subsequent work extends this
line toward generative modeling, where GraphGPT [114]
introduces graph-text grounded prediction, LangGFM [112]
casts graph understanding into the language generation space,
and GOFA [116] unifies completion, structural understanding,
question answering, and retrieval within a single graph gener-
ative framework. In summary, this line of research evolves
from reconstruction-based pre-training to structured graph
generation.

3) Objective-agnostic: A smaller but important line of
work does not introduce new pre-training objectives. Instead,
it improves cross-domain knowledge transfer by more ef-
fectively leveraging existing pretrained models and objec-
tives. UniPrompt [104] is the most representative work, as it
adapts encoders pretrained by methods such as DGI [122],
GRACE [123], GraphMAE [124], or FUG [125], without
introducing an independent objective of its own. GMoPE [110]
follows a similar philosophy by remaining compatible with
multiple upstream objectives, while DCGFM [126] enhances
existing GFM pipelines through data-centric pruning under the
original backbone objective. G2T-FM [121] further extends
this idea by inheriting priors from pretrained tabular founda-
tion models rather than relying on a graph-specific objective.
Overall, this line of research shifts the emphasis from objective
design to objective reuse and reorganization.

C. Data Tokenization and Representation

Data tokenization and representation determine how raw
graph data is converted into transferable units. This design
choice is particularly important, as it defines the granularity
and format in which structure, semantics, and cross-domain
commonalities are encoded. Existing methods can be broadly
organized into three categories: graph-structure tokens, auxil-
iary abstract tokens, and language or sequence tokens.

1) Graph-structure tokens: A major line of work tokenizes
graphs using native structural units, with the design evolving
from individual nodes to contextual subgraphs, and further
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to more specialized graph structures. Early methods, such as
GraphPrompt [32] and UniGraph [9], mainly use contextual
subgraphs as unified task instances. Later work diversifies the
tokenization granularity: GFT [89] and GIT [95] elevate com-
putation trees into transferable units, GRAVER [18] adaptively
routes neighbor nodes into transferable subgraph vocabularies,
RWPT [107] encodes rooted random-walk contexts, Patch-
Net [99] constructs learnable graph patches, GraphGPT [114]
and LLaGA [23] utilize node-centered structural contexts, and
RiemannGFM [102] together with H2GFM [106] further ex-
tend tokenization to geometric or higher-order relational struc-
tures. Overall, this line of research evolves from subgraph-
based decomposition to more structured graph-structure tok-
enization.

2) Auxiliary abstract tokens: A second group of meth-
ods introduces tokens that are not direct graph components,
but rather abstract carriers of task and domain information.
Early work, exemplified by OFA [19], uses prompt nodes
and class nodes to unify different tasks. Subsequent studies
incorporate more explicit domain- and transfer-aware abstrac-
tions: SAMGPT [100] uses structure tokens, MDGPT [90]
and MDGCL [108] use domain tokens, BRIDGE [21] and
MDGFM [96] encode transferable domain priors through
aligned abstract tokens. More recent methods shift toward
adaptation-oriented abstractions, where GMoPE [110] uses
expert prompts, GILT [109] uses support-query tokens,
BooG [117] adds class-conditioned super nodes, and Graph-
Prompter [94] builds task graphs with prompt subgraphs and
label nodes. Overall, this line demonstrates that tokenization in
GFMs extends beyond graph priors that facilitate cross-domain
generalization and adaptation.

3) Language and sequence tokens: A third line moves
away from explicit graph-native tokens, instead representing
graphs through language-like, sequence-like, or otherwise re-
formulated inputs. Early studies in this direction employ con-
tinuous graph encodings: OpenGraph [88] leverages topology-
aware projections, AnyGraph [30] learns unified node-level
continuous representations, UniPrompt [104] and GCoT [98]
utilize prompt-enhanced continuous features, and OMOG [91]
organizes such representations for source-model selection.
Later work makes the reformulation more explicit: Lang-
GFM [112] textualizes graphs into language-readable formats,
PromptGFM [113] maps graph elements into native language
tokens, and G2T-FM [121] converts graphs into tabular feature
vectors. Overall, this line reflects a shift from graph-specific
continuous encoding toward reformulated inputs compatible
with general-purpose backbones, enabling broader transfer and
cross-modal integration.

D. Model Architecture
Model architecture defines the choice of the base model that

performs the main computation in GFMs. Existing methods
can be broadly grouped into three classes: GNN-based ar-
chitectures, LLM-based architectures, and GNN-LLM hybrid
architectures. The distinction reflects whether graph general-
ization is primarily achieved through graph-native message
passing, large language models, or a synergistic integration
of both.

1) GNN-based architecture: Most GFMs remain built on
graph-native backbones, where GNNs, graph transformers, or
their variants serve as the primary base model. Early meth-
ods, such as GraphPrompt [32] and HGPrompt [86], mainly
adopt conventional GNN encoders, while MultiGPrompt [87]
and UniPrompt [104] extend this paradigm to more unified
adaptation settings. Later studies strengthen the backbone
with domain-aware encoding or alignment mechanisms, as in
SAMGPT [100], GCOPE [8], MDGPT [90], BRIDGE [21],
MDGFM [96], and MDGCL [108]. Recent work introduces
more specialized architectures: GMoPE [110] incorporates
expert routing, GRAVER [18] uses a CoE-MoE network for
hierarchical vocabulary routing. GraphGlue [111], Rieman-
nGFM [102], GBN [119], CRGFM [120], and AutoGFM [97]
further extend the backbone with geometric modeling and its
architecture customization. Overall, this line develops from
standard GNN encoders to more specialized graph-native
architectures.

2) LLM-based architecture: Another line builds GFMs
directly on large language models, with the LLM itself serving
as the primary base model rather than a text encoder. Lang-
GFM [112] is representative in that it performs graph under-
standing entirely in language space with an LLM backbone.
PromptGFM [113] follows a similar paradigm by using LLMs
for graph prediction over language-based graph inputs. More
broadly, this line reflects a shift from graph-native modeling
to foundation backbones whose primary inductive bias derives
from large-scale language or general representation learning.

3) GNN-LLM hybrid architecture: A third group of works
combines graph encoders with language encoders. Early meth-
ods, such as OFA [19] and UniGraph [9], leverage both en-
coders for attribute alignment and task unification. Later stud-
ies enhance this interaction in various ways: GraphGPT [114]
and LLaGA [23] couple graph encoders with LLMs through
projection layers, GraphCLIP [103] and BooG [117] com-
bine graph encoding with text-level supervision, and Uni-
Graph2 [101] further extends the hybrid paradigm to mul-
timodal settings. More recent models move toward tighter
fusion, where GOFA [116] interleaves GNN computation
with a frozen LLM, while DCGFM [126] strengthens such
hybrid backbones from the data side. Overall, this line evolves
from loose graph-language coupling to more integrated hybrid
architectures.

E. Adaptation Strategy

Adaptation strategy determines how pretrained priors are
transferred to downstream tasks and domains. Recent GFMs
adopt broad spectrum of adaptation paradigms, ranging from
prompt-based adaptation, lightweight fine-tuning, instruction-
or in-context adaptation, and even direct zero-shot transfer.

1) Prompt-based: Prompt-based GFMs leverage prompts
as the primary adaptation mechanism, ranging from task-
specific prompts to domain-aware prompts, and expert-aware
prompts. Representative works include GraphPrompt [32],
HGPrompt [86], MultiGPrompt [87], and UniPrompt [104],
which employ learnable prompts to adapt pretrained mod-
els under unified task templates. Later studies extend
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this approach to multi-domain settings: SAMGPT [100],
MDGPT [90], BRIDGE [21], and GRAVER [18] introduce
structural or domain prompts, MDGFM [96] further combines
meta prompts with task-specific prompts, and GMoPE [110]
incorporates expert prompts with MoE routing. More recent
methods adopt richer prompting interfaces: GCoT [98] intro-
duces thought-conditioned prompts, while GraphPrompter [94]
enables tuning-free in-context prompting via prompt subgraphs
and task graphs.

2) Fine-tuning-based: Another line retains fine-tuning as
the main adaptation route, but increasingly constrains it
to lightweight forms. Early graph-native methods such as
GFT [89] and GCOPE [8] mainly rely on downstream fine-
tuning over pretrained representations or token vocabularies.
Subsequent work makes fine-tuning more transfer-oriented:
BRIDGE [21] introduces spectral-regularized fine-tuning after
MoE-based source selection, RiemannGFM [102] performs
cross-domain fine-tuning in a geometric latent space, and
PatchNet [99] adapts pretrained patch-based encoders to down-
stream tasks. GraphKeeper [105] further extends this line to
graph domain-incremental learning by introducing domain-
specific graph PEFT together with deviation-free knowledge
preservation. Related variants include BooG [117], which
supports frozen-encoder transfer with a lightweight MLP head,
and AutoGFM [97], which combines architecture customiza-
tion with downstream adaptation. The overall trend is a
shift from conventional end-to-end fine-tuning toward more
parameter-efficient and structurally constrained transfer.

3) Instruction- and in-context adaptation: A third line
adapts GFMs through language-style instruction following or
support-query reasoning, reflecting the growing influence of
LLM paradigms. Early examples such as OFA [19] already
expose a unified prompted interface that supports few-shot and
zero-shot transfer. Subsequently, methods deepen this direction
in different ways: GraphGPT [114] uses dual-stage instruction
tuning, LangGFM [112] adopts LoRA-based instruction tuning
in pure language space, and GOFA [116] combines large-
scale self-supervised pre-training with downstream instruction
fine-tuning. In parallel, GILT [109] formulates adaptation as
tuning-free in-context learning over support and query tokens,
while UniGraph [9] and GraphPrompter [94] also move toward
in-context transfer under graph-specific interfaces. Overall,
this line evolves from prompted task unification to instruction-
following and in-context adaptation.

4) Adaptation-free strategies: A smaller but increasingly
important line minimizes or removes downstream adaptation
altogether, aiming for direct transfer from pretrained graph
priors. OpenGraph [88] and ZeroG [115] emphasize zero-shot
transfer to unseen graphs without target-domain fine-tuning,
GraphAny [93] performs fully inductive transfer without ad-
ditional training, and OMOG [91] relies on adaptive model
selection and weighted fusion rather than parameter updates.
Related interface-driven variants such as G2T-FM [121] also
reduce adaptation to in-context inference or minimal task-side
tuning. Rather than optimizing task-specific parameters, these
methods treat adaptation primarily as selection, retrieval, or
direct inference over pretrained representations.

F. Recent Advances and Applications

Recent studies extend GFMs beyond generic graph pre-
training toward four directions: reasoning, federated learning,
trustworthiness, and applications in biomedicine.

1) Reasoning: GFM-based reasoning has evolved from in-
context reasoning over structured knowledge to tighter integra-
tion with retrieval. KG-ICL [127] provides an early foundation
for unified KG reasoning. GFM-RAG [128] extends this line
to GraphRAG, using pretrained GFMs as graph retrievers
for multi-hop reasoning. G-Reasoner [129] further integrates
GFMs and LLMs for more general graph reasoning. RAG-
GFM [130] then reverses the direction by using retrieval
to enhance GFMs themselves, while GFM-Retriever [131]
further refines this paradigm through query-specific subgraph
retrieval. Overall, this line moves from prompt-based graph
reasoning toward retrieval-aware graph foundation modeling,
combining structured knowledge, pretraining, and adaptive
retrieval for more general and scalable reasoning.

2) Federated Learning: The integration of GFMs with
federated learning has progressed from paradigm formulation
to more structured collaboration. FedGFM [132] establishes
federated graph foundation modeling and identifies knowl-
edge entanglement as a central challenge. FedBook [133]
advances this line via codebook-based knowledge aggrega-
tion, while FedGALA [134] further develops the approach
toward continuous graph-language alignment, incorporating
communication-efficient prompt tuning. This line evolves from
basic federated pre-training to more structured and semanti-
cally aligned federated GFMs.

3) Trustworthiness: Research on trustworthy GFMs has
progressed from open-world reliability to security and privacy
auditing. AnomalyGFM [135] and GLIP-OOD [136] extend
GFMs to anomaly and OOD detection. MEA-GFM [137],
DTGBA [138], and HeTa [139] expose information extraction
and backdoor vulnerabilities. More recent work considers
stronger threat models and specialized settings, including
GFM-BA [140], MGP-MIA [141], GFM4GA [142], and Cy-
berGFM [143].

4) Biomedicine: The application of GFMs to biomedicine
has progressed from general biomedical knowledge graphs
to more specialized imaging, neuroscience, and cellular
modeling. TxGNN [144] provides an early foundation for
zero-shot drug repurposing over medical knowledge graphs.
GraphMSR [145] extends this line to MRI super-resolution,
BrainGFM [146] further specializes it to brain foundation
modeling, and CellAwareGNN [147] incorporates single-cell
genomic context for finer-grained drug indication prediction.

G. Datasets, Benchmarks and Frameworks

As GFMs expand across domains and tasks, datasets,
benchmarks, and frameworks have emerged as an important
research dimension in their own right. TSGFM [148] rep-
resents an early benchmark for text-space GFMs, curating
more than 20 datasets and evaluating them under unified
settings that distinguish co-training from pre-training and task-
specific from cross-task transfer. GFMBench [149] extends
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this line from benchmark construction to framework stan-
dardization, providing a modular open-source pipeline for
preprocessing, training, evaluation, and real-world deployment
across diverse GFMs. Building on these developments, GFM-
Benchmark [150] further formalizes graph domain shift as a
two-dimensional problem spanning both topic domains and
format domains, and establishes controlled protocols for cross-
topic, cross-format, and joint transfer based on 33 datasets
spanning seven topics and six formats. Collectively, these
studies indicate a clear progression from dataset curation to
framework standardization, and then to a more fine-grained
benchmark design for graph domain shift.

VII. CHALLENGES AND FUTURE DIRECTIONS

Despite encouraging progress, foundation models for struc-
tured data remain at an early stage. Several fundamental
questions are still open, including how these models scale with
data and computation, whether a unified modeling paradigm
can be developed across diverse structured data modalities, and
how they should be effectively integrated with LLMs, VLMs,
and emerging intelligent systems. In this section, we discuss
these key challenges and outline promising future directions
toward more generalizable, scalable, and practically impactful
structured data foundation models.

A. Scaling Laws for Structured Data Foundation Models

Beyond architectural and methodological advances, an im-
portant yet under-explored direction is to systematically un-
derstand the learning dynamics of foundation models for
structured data. This includes investigating how these models
scale, how knowledge is acquired during training, and how it
can be effectively evaluated.

Scaling laws have been empirically validated in LLMs and
VLMs [151, 152]. A pivotal question remains: whether such
scaling laws also apply to structured data. Unlike text and
vision, structured data exhibits strong schema dependence,
heterogeneous feature semantics, and explicit relational or
temporal constraints, which may fundamentally alter how
performance scales with increased model size and data vol-
ume. Previous works [27, 153, 154] investigate neural scaling
laws in terms of data scale and model scale. Establishing
scaling principles that account for structural complexity and
inductive bias is crucial and remains under-explored for
guiding foundation model design. Beyond scaling behavior,
another promising direction is to study emergent learning
phenomena in structured data models, such as the presence
of “grokking” or sudden generalization (i.e., phase transitions
in performance during training). Identifying, characterizing,
and quantitatively measuring such phenomena could provide
deeper insights into how structured knowledge is internalized.
Furthermore, it is important to develop principled approaches
for knowledge assessment in both pre-training and fine-tuning
data. This includes understanding what types of structural
patterns, dependencies, and domain knowledge are captured
during training, how they transfer across tasks and domains,
and how to evaluate data quality and coverage in a structured-
data-specific manner.

B. Unified Foundation Models for Structured Data

Current foundation models for tabular, time-series, and
graph data are largely modality-specific in terms of model
architectures, pre-training objectives, and adaptation strategies.
A key open problem is how to construct a unified foundation
model that accommodates diverse structural inductive biases
while sharing common representation and reasoning mecha-
nisms. Recent works attempt to bridge the gap between these
three types of data, such as leveraging tabular foundation
models to tackle graph tasks [121, 155, 156] and leveraging
graph foundation models for time series analysis [157].

Progress in this direction requires structure-aware abstrac-
tions, such as unified tokenization, modular architectures, and
pre-training objectives that capture shared structural principles.
Concretely, unified tokenization should provide a flexible
interface that can encode heterogeneous entities (e.g., rows,
timestamps, nodes, edges) and their relations within a common
token space, while preserving modality-specific semantics.
Modular architectures may enable the composition of inter-
changeable components (e.g., temporal encoders, relational
reasoning modules, and feature interaction layers), allowing
the model to dynamically adapt to different structural patterns
without redesigning the entire architecture. Meanwhile, pre-
training objectives should go beyond modality-specific tasks
(e.g., masked value prediction or link prediction) and instead
focus on capturing universal structural properties, such as
dependency modeling, invariance under structural transforma-
tions, and cross-entity reasoning.

C. Integration with LLMs, VLMs, and Emerging Agentic Sys-
tems

Another important direction is understanding how structured
data foundation models should interact with LLMs, VLMs,
and emerging agentic and embodied systems within unified
intelligent ecosystems. Current approaches typically convert
structured data into natural language or serialized formats
for LLM processing [15, 22, 19], but such reductions often
lose explicit structural constraints and relational or temporal
inductive biases.

Instead, future systems should support principled, bidi-
rectional collaboration across modalities. LLMs and VLMs
can provide semantic understanding and perception, while
structured data foundation models focus on relational rea-
soning, constraint-aware inference, and temporal modeling.
This requires shared intermediate representations that preserve
structure while enabling cross-modal interoperability. This
need becomes more critical in agentic and embodied settings,
where models operate in dynamic environments and interact
through memory, knowledge graphs, and sensor streams. Here,
structured data models can serve as a reasoning backbone for
state tracking, planning, and tool coordination, while LLMs
and VLMs act as perception and interaction interfaces. Build-
ing such systems requires moving beyond simple serialization
toward unified representation and coordination mechanisms,
enabling scalable integration of semantic understanding, struc-
tural reasoning, and embodied decision-making in future agen-
tic AI systems.
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VIII. CONCLUSION

This survey principally introduces the existing foundation
models for structured data, focusing on three typical data
types: tabular, time series, and graphs. We connect the intrinsic
characteristics of structured data with the core assumptions
underlying foundation models, identifying the challenges faced
by current foundation models for structured data. To organize
the rapidly growing body of literature, we propose a system-
atic taxonomy of existing foundation models for structured
data, categorizing them by tokenization, model architectures,
training and pre-training paradigms, and adaptation strategies.
Based on this synthesis, we discuss open challenges and
promising future directions for foundation models on struc-
tured data.
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