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Abstract

Graph Neural Networks (GNNs) and Large Language Models (LLMs) have each emerged as dominant
paradigms in machine learning, excelling respectively in structured relational reasoning and language-
based generalization. GNNs are uniquely suited for learning over graph-structured data by leveraging
local connectivity and relational inductive biases, finding widespread application in domains such
as chemistry, social network analysis, recommendation systems, and knowledge graphs. Meanwhile,
LLMs, particularly those built upon the Transformer architecture, have demonstrated remarkable
capabilities in understanding and generating human language, enabling a wide range of tasks from
open-domain question answering to code synthesis and multi-step reasoning. As LLMs continue to
scale and exhibit emergent abilities, their application to non-sequential data types, including graphs,
has gained growing interest within the research community. This survey presents a comprehensive
examination of the evolving relationship between GNNs and LLMs, analyzing how these two powerful
yet fundamentally different approaches can be integrated to achieve more expressive, generalizable,
and semantically rich models. We begin by establishing the mathematical foundations of GNNs and
LLMs, discussing their respective architectures, learning paradigms, and representational capacities.
We then explore recent advances that bridge the gap between graph and language modalities, including
strategies for graph serialization, hybrid model design, and multimodal pretraining. Through an in-
depth comparative analysis, we highlight the strengths and limitations of each paradigm, with special
attention to scalability, interpretability, and task adaptability. A taxonomy of hybrid architectures is
presented, alongside illustrative use cases in biomedical informatics, scientific discovery, recommenda-
tion, and knowledge-intensive natural language processing. The survey also identifies key challenges
in representation alignment, training efficiency, benchmark design, and model robustness, and offers
a forward-looking perspective on future directions. These include the development of graph-native
language models, few-shot reasoning over structured data, causal inference across modalities, and the
ethical deployment of dual-modality AI systems. Ultimately, we argue that the fusion of GNNs and
LLMs represents a promising path toward more holistic and versatile machine learning frameworks,
capable of bridging symbolic structure and linguistic understanding in ways that neither can achieve
alone.

Keywords: graph neural networks; large language models; structured reasoning; graph representation
learning; hybrid architectures; knowledge graphs; multimodal learning; transformers; semantic graphs;
neural reasoning

1. Introduction
Graph-structured data is ubiquitous across a wide range of real-world domains, including social

networks, molecular biology, transportation systems, recommendation engines, and the semantic web
[1]. Traditional machine learning models, designed primarily for Euclidean data such as sequences or
grids, often fail to capture the complex relational inductive biases inherent in graph data. Graph Neural
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Networks (GNNs) have emerged as a powerful paradigm to address this challenge, providing scalable
and flexible architectures that integrate node features with graph topology to learn rich node, edge,
and graph-level representations [2]. Since their inception, GNNs have undergone rapid evolution,
encompassing a wide spectrum of models such as Graph Convolutional Networks (GCNs), Graph
Attention Networks (GATs), Graph Isomorphism Networks (GINs), and message-passing neural
networks (MPNNs), among others. These models have consistently demonstrated strong performance
across diverse tasks such as node classification, link prediction, and graph classification [3]. In parallel,
the field of natural language processing (NLP) has been revolutionized by the advent of large language
models (LLMs), such as GPT-3, PaLM, LLaMA, and their successors. Built upon the Transformer
architecture, LLMs have exhibited unprecedented capabilities in understanding, generating, and
reasoning over human language, coding tasks, and even multimodal data [4]. Their success is largely
attributed to the combination of massive-scale pretraining on vast corpora and the self-attention
mechanism that enables modeling long-range dependencies. As these models have scaled, they have
shown surprising emergent abilities, including few-shot and zero-shot learning, prompting a paradigm
shift in how general intelligence is approached in AI [5]. This juxtaposition of GNNs and LLMs raises
profound questions for the future of graph representation learning [6]. On one hand, GNNs are
intrinsically tailored for non-Euclidean data, with strong theoretical foundations and customized
architectures for graphs. On the other hand, LLMs exhibit a generalist design with a capability to
process a wide array of data types through appropriate tokenization and encoding strategies, leading
to the exploration of treating graphs as sequences or textual representations, enabling the use of
LLMs for graph-structured problems. This convergence brings forth new research directions: Can
LLMs serve as universal approximators for graph tasks traditionally reserved for GNNs? What are
the limitations of sequence-based models in capturing graph inductive biases? Conversely, can the
relational reasoning of GNNs be used to enhance the capabilities of LLMs, particularly in domains
requiring structured reasoning or factual consistency? Moreover, hybrid architectures and multimodal
models have emerged, seeking to bridge the gap between GNNs and LLMs [7]. For instance, some
approaches integrate GNNs as modules within Transformer-based architectures to provide structural
priors, while others embed graphs into sequences and leverage pretrained LLMs through fine-tuning
or prompting [8]. Recent advancements in instruction tuning and in-context learning further raise the
possibility of using LLMs as powerful few-shot learners for graph-centric tasks, potentially obviating
the need for task-specific GNNs in certain applications [9]. Additionally, knowledge graphs, long a
staple of symbolic AI, have found renewed relevance as grounding tools for LLMs, offering structured
factual contexts to mitigate hallucinations and improve interpretability. This survey aims to explore
this rapidly evolving intersection between Graph Neural Networks and Large Language Models
[10]. We provide a comprehensive overview of the fundamental concepts of GNNs and LLMs,
examine their respective strengths and limitations, and delve into recent efforts that integrate the two
paradigms. We categorize and analyze the methods that leverage LLMs for graph learning, including
textualization of graphs, graph-aware pretraining, and graph prompting. Furthermore, we explore
how GNNs can be used to complement LLMs in structured reasoning, information retrieval, and
knowledge integration. Through this survey, we also identify open challenges and opportunities, such
as scalability, explainability, and the alignment of inductive biases, which remain critical to realizing
the full potential of this convergence [11]. In the age of LLMs, where generalist models are becoming
increasingly dominant, the question is not whether GNNs will be replaced, but rather how they will
adapt, evolve, and integrate [12]. As we navigate this new frontier of graph learning with foundation
models, this survey endeavors to provide a foundational resource for researchers and practitioners
alike, offering insights, taxonomies, and perspectives that illuminate the path forward [13].

2. Preliminaries
In this section, we introduce the formal foundations of Graph Neural Networks (GNNs) and

Large Language Models (LLMs), with a focus on the mathematical formulations that underpin their
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architectures and learning paradigms [14]. We begin by defining the basic notation for graphs and
proceed to discuss the general message passing framework for GNNs. We then provide a brief
overview of the Transformer architecture that forms the basis of modern LLMs, highlighting key
components such as self-attention, positional encoding, and large-scale pretraining.

2.1. Graph Representations and Notation

Let G = (V , E) denote a graph, where V is the set of n = |V| nodes and E ⊆ V × V is the set
of edges. Each node vi ∈ V may be associated with a feature vector xi ∈ Rd, and similarly, edges
(vi, vj) ∈ E may have associated features eij ∈ Rde [15]. The graph can be represented by its adjacency
matrix A ∈ {0, 1}n×n, where Aij = 1 if (vi, vj) ∈ E and 0 otherwise [16]. In many cases, the adjacency
matrix is extended to a weighted adjacency matrix W ∈ Rn×n to model edge weights [17]. A key
objective in graph learning is to learn a function fθ parameterized by θ that maps the input graph
(and its features) to desired outputs [18]. This could be node-level predictions fθ : V → Rk, edge-level
predictions fθ : E → Rk, or whole-graph embeddings fθ : G → Rk, depending on the task [19].

2.2. Message Passing Neural Networks

The predominant formulation of GNNs is the Message Passing Neural Network (MPNN) frame-
work, which generalizes many GNN architectures [20]. Given node features {h(0)

i = xi}n
i=1, a typical

GNN performs T rounds of message passing, where in each layer t ∈ {1, . . . , T}, node embeddings
are updated by aggregating messages from neighbors. The general update rule can be written as:

m(t)
i = AGGREGATE(t)

({
ϕ
(t)
m

(
h(t−1)

i , h(t−1)
j , eij

)
: j ∈ N (i)

})
h(t)

i = ϕ
(t)
u

(
h(t−1)

i , m(t)
i

)
Here, N (i) denotes the neighborhood of node i, ϕ

(t)
m is a message function that may depend on

node and edge features, and ϕ
(t)
u is an update function such as an MLP. The AGGREGATE function

is typically a permutation-invariant operator such as summation, mean, or max. The final node
embeddings h(T)

i can be used directly for node-level tasks or pooled via a READOUT function (e.g.,
sum or attention) for graph-level predictions. Different GNN variants correspond to different instanti-
ations of ϕm, ϕu, and AGGREGATE [21]. For example, Graph Convolutional Networks (GCNs) use a
normalized sum aggregation with linear updates, while Graph Attention Networks (GATs) compute
attention-weighted sums using learned coefficients. Graph Isomorphism Networks (GINs) adopt a
sum aggregation with injective MLPs, enhancing expressivity in distinguishing graph structures.

2.3. Transformer-Based Language Models

Modern LLMs such as GPT and BERT are based on the Transformer architecture, which eschews
recurrence in favor of self-attention mechanisms. A Transformer processes a sequence of tokens
x = (x1, x2, . . . , xL), where each token is mapped to an embedding ei ∈ Rd [22]. The core building
block is the multi-head self-attention mechanism, which computes interactions between all pairs of
tokens in the sequence. Given input embeddings X ∈ RL×d, the self-attention mechanism computes:

Attention(Q, K, V) = softmax

(
QK⊤
√

dk

)
V

where Q = XWQ, K = XWK, and V = XWV are the query, key, and value matrices obtained via
learned projections. The result is a new representation of the sequence where each token attends to
all others, modulated by similarity in the query-key space [23]. Multiple attention heads are used in
parallel, and their outputs are concatenated and passed through a feed-forward network (FFN) [24].
Each Transformer block also includes layer normalization and residual connections [25]. Crucially,
positional encodings P ∈ RL×d are added to X to preserve order information, since self-attention is
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inherently permutation-invariant [26]. LLMs are typically trained on large corpora via autoregressive
(e.g., GPT) or masked language modeling (e.g., BERT) objectives. Given their scale and generality, they
acquire broad world knowledge and can generalize to diverse tasks with little or no fine-tuning, a
capability enhanced by prompt-based or instruction-tuned approaches.

2.4. Comparative Representational Capabilities

While GNNs are naturally suited for graph-structured data, their expressive power is bounded
by the Weisfeiler-Lehman (WL) test, especially in standard message-passing formulations [27]. Recent
work has attempted to surpass this barrier using higher-order or subgraph-based methods. On
the other hand, LLMs have shown strong capacity for symbolic reasoning and relational inference
despite being trained on sequences, raising intriguing questions about their ability to model graphs
[28]. A central theoretical question is the representational alignment between GNNs and LLMs: can
Transformers implicitly simulate GNN-style computations over serialized graph data [29]? Conversely,
can GNNs encode linguistic or hierarchical structure that is typically handled by LLMs? Addressing
these questions requires both empirical benchmarking and theoretical insight, which we explore in
subsequent sections [30].

3. Comparative Analysis of GNNs and LLMs for Graph-Based Tasks
As the capabilities of Large Language Models (LLMs) continue to expand, their application

to traditionally non-sequential domains—such as graphs—has become an increasingly compelling
research direction [31]. In this section, we provide a comparative analysis of Graph Neural Networks
(GNNs) and LLMs with respect to their performance, scalability, expressivity, and inductive biases
in various graph-centric tasks [32]. Our analysis is grounded in both theoretical considerations and
empirical results drawn from recent literature. We also include a summarizing table that contrasts
these two paradigms across multiple dimensions, with an emphasis on their relative strengths and
limitations [33].

Table 1. Comparison of Graph Neural Networks (GNNs) and Large Language Models (LLMs) for Graph-Based
Learning.

Aspect Graph Neural Networks (GNNs) Large Language Models (LLMs)
Input Representation Native graph structure (adjacency

matrix, edge lists)
Sequentialized or textual graph en-
codings (e.g., node triples, graph
prompts)

Architecture Bias Local and relational inductive bias
via message passing

Global attention with soft inductive
bias to sequence and co-occurrence
statistics

Scalability Efficient for sparse and localized
graphs; limited by neighborhood ex-
plosion in deep GNNs

Highly scalable with sufficient hard-
ware; cost grows quadratically with
input length

Expressivity Limited by the 1-WL test; extensions
include higher-order GNNs

Capable of learning high-order de-
pendencies; lacks explicit graph in-
ductive priors

Pretraining Domain-specific pretraining
schemes (e.g., node masking, graph
contrastive learning)

Trained on massive text corpora;
general-purpose representations
can be repurposed

Adaptability to Tasks Requires task-specific architecture
design and training

Zero-shot and few-shot learning en-
abled by prompting and in-context
learning

Explainability More interpretable due to structured
graph flow and neighborhood influ-
ence

Difficult to interpret due to dense
attention and token-level reasoning

Integration with External Knowledge Can directly incorporate structured
knowledge graphs as input

Often needs grounding via knowl-
edge injection, retrieval, or aug-
mented prompts

Fine-tuning Overhead Lightweight and efficient on small
datasets

Expensive and often impractical
without parameter-efficient meth-
ods
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The dichotomy between GNNs and LLMs is evident in their respective design philosophies [34].
GNNs are intrinsically built to respect the relational structure of graphs, leveraging edge connectivity
and localized message passing to build representations. This design results in models that are compact,
efficient for sparse graphs, and inherently interpretable with regard to the graph topology. However,
traditional GNNs are limited in expressivity, typically bounded by the discriminative power of the
1-WL test, and they often require custom architecture modifications to handle specific graph types (e.g.,
heterogeneous, dynamic, or hypergraphs) [35]. Conversely, LLMs are fundamentally sequence-based
models [36]. Their lack of native support for graphs is offset by their impressive generalization capacity,
which allows them to operate over serialized representations of graphs when carefully formatted
[37]. For instance, node-link triplets, adjacency lists, and traversal paths can be converted into textual
prompts that an LLM can process [38]. While this allows LLMs to perform surprisingly well in some
graph-related tasks—such as question answering over knowledge graphs or predicting properties
of molecular graphs—it introduces substantial challenges. The flattening of structure into sequences
can obscure important topological cues, and token-based attention mechanisms may struggle with
long-range or high-degree dependencies [39]. An area where LLMs show clear promise is in their
adaptability [40]. With instruction tuning, prompt engineering, and few-shot in-context learning, LLMs
can be rapidly adapted to new graph-based tasks without modifying the model parameters. This is
in stark contrast to GNNs, which typically require full retraining and architectural customization for
each task. However, LLMs come with heavy computational overhead and memory requirements,
especially when dealing with long input sequences derived from large or dense graphs [41]. Another
critical dimension is interpretability [42]. GNNs offer relatively transparent computation paths, where
node embeddings can often be traced back to local neighborhoods. Techniques such as subgraph
extraction, attention visualization, and influence functions provide further interpretability tools. LLMs,
however, are notoriously opaque, with dense and entangled attention matrices making it difficult
to identify causal inputs or reasoning chains, especially when graph structure is implicitly encoded.
Finally, integration with external knowledge sources presents both opportunities and challenges for
both paradigms. GNNs can directly operate over knowledge graphs, using their structure to guide
message passing [43]. LLMs often require grounding through retrieval-augmented generation or
explicit prompt engineering to align with structured knowledge. Despite this, LLMs can generalize
from textual patterns in ways that GNNs cannot, offering robustness in open-domain and noisy
scenarios. In light of these differences, it becomes increasingly apparent that the two paradigms are
not mutually exclusive but instead offer complementary strengths. Hybrid models that integrate the
structural inductive biases of GNNs with the semantic and generalization power of LLMs represent a
promising frontier, which we explore in detail in the next section.

4. Hybrid Architectures: Bridging GNNs and LLMs
The complementary strengths of Graph Neural Networks (GNNs) and Large Language Models

(LLMs) have inspired a growing body of work exploring hybrid architectures that integrate the
structural inductive biases of GNNs with the powerful representation and reasoning abilities of LLMs
[44]. These hybrid models are motivated by the observation that many real-world problems—such as
question answering over knowledge bases, scientific reasoning, recommendation systems, and drug
discovery—require both the explicit modeling of relational structure and the ability to interpret or
generate natural language. In this section, we explore several classes of such hybrid architectures
and present a unifying view of their interaction patterns. At a high level, hybrid architectures can
be categorized into three main paradigms: (i) GNN-enhanced LLMs, where structural information
is injected into LLMs through graph embeddings or structured prompts; (ii) LLM-enhanced GNNs,
where pretrained LLMs provide semantic or contextual features for nodes or edges; and (iii) interleaved
models, where GNN and LLM components interact iteratively or in tandem during a task. These
designs attempt to combine the localized, interpretable reasoning of GNNs with the global, context-
aware understanding of LLMs [45].
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As illustrated in Figure 1, one common strategy is to use a GNN to first process the raw graph data
and generate node or graph-level embeddings. These embeddings are then linearized or embedded
into a sequence format (e.g., via positional concatenation or structured templates) that can be ingested
by an LLM [46]. The LLM, in turn, may use its language modeling capabilities to reason over the
embeddings, complete textual tasks, or perform structured generation. This approach has been used
effectively in molecular property prediction, where GNNs model the graph of atoms and bonds,
and the LLM generates textual rationales or interprets properties in natural language. In a reversed
configuration, LLMs can act as contextual encoders for node or edge features [47]. For example, in
knowledge graphs or citation networks, textual descriptions or abstracts associated with nodes can be
encoded by an LLM and used as input features to a GNN [48]. The GNN then processes the graph
structure using these rich embeddings, enabling it to combine semantic context with relational patterns
[49]. This strategy has proven effective in low-resource and few-shot settings, where pretraining from
LLMs compensates for limited graph data. A more recent and sophisticated line of research explores
interleaved or co-trained models, where LLM and GNN components communicate iteratively. For
instance, in multi-hop question answering, an LLM may generate candidate paths or node queries,
which are then validated or reranked by a GNN operating on a knowledge graph. Conversely, the GNN
may identify subgraphs relevant to a query, and the LLM can be prompted with serialized versions of
these subgraphs to generate answers [50]. These bidirectional systems aim to leverage the strengths
of both components in a tightly coupled manner, often leading to state-of-the-art performance in
structured reasoning tasks. Despite their promise, hybrid architectures face several practical challenges.
The serialization of graph embeddings into textual or sequence form can lead to information loss,
especially for large or densely connected graphs. Additionally, training such systems end-to-end
can be computationally demanding, and the fusion of disparate architectures introduces complex
design choices regarding attention mechanisms, representation alignment, and loss coordination [51].
Nonetheless, early successes suggest that the combination of GNNs and LLMs can be greater than the
sum of their parts, particularly in domains where structured data and natural language intersect. The
exploration of these hybrid models not only opens new application frontiers but also provokes deeper
questions about representation unification and modality translation [52]. As we progress toward
more general-purpose, multimodal AI systems, understanding and refining the interfaces between
graph-based and sequence-based learning will become increasingly vital [53].

Graph G GNN

Graph Embeddings LLM

Final Output

Message Passing

Prompt or Embedding

Figure 1. Illustration of a simple hybrid architecture: a GNN processes a graph to produce embeddings, which are
then fed into an LLM for downstream reasoning or generation tasks.

5. Applications in the Wild
The convergence of Graph Neural Networks (GNNs) and Large Language Models (LLMs) has

not only spurred theoretical advancements but also led to impactful applications across a diverse set
of real-world domains [54]. These hybrid and cross-paradigm approaches have shown remarkable
potential in tasks where both structured graph reasoning and semantic understanding are critical. In
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this section, we explore how the joint capabilities of GNNs and LLMs are being utilized in fields such
as biomedical informatics, scientific discovery, recommendation systems, natural language processing,
and knowledge-intensive tasks [55]. In biomedical domains, molecular property prediction, drug
discovery, and protein interface modeling are inherently graph-based problems [56]. Molecules are
naturally represented as graphs of atoms connected by bonds, and GNNs have been highly effective at
capturing such structural information. However, domain-specific knowledge embedded in chemical
nomenclature, scientific publications, or reaction protocols is not easily encoded in the graph alone.
LLMs, particularly those trained on biomedical corpora (e.g., PubMed, ChEMBL abstracts), provide
semantic context that complements graph-based features [57]. For instance, a GNN might identify
a substructure within a molecule as potentially reactive, while an LLM could explain its function or
relevance based on known pharmacological patterns [58]. Recent models such as GraphGPT and
BioMedLM-GNN hybrids are emerging to jointly exploit symbolic and topological signals, enabling
more interpretable and data-efficient discovery pipelines. In the scientific research domain more
broadly, graph-based citation networks and co-authorship graphs are commonly used to model
scholarly communication. Traditional GNNs have been used to predict missing citations, identify
influential papers, and cluster research communities. However, combining these relational insights
with LLM-generated textual embeddings of paper abstracts, titles, and keywords enables a more
nuanced understanding of topic evolution, novelty, and scientific impact. Hybrid architectures that use
GNNs to navigate the citation topology while leveraging LLMs to interpret textual content are being
deployed in intelligent literature review tools and AI-based research assistants, aiding both information
retrieval and hypothesis generation. In recommendation systems, user-item interactions can be
naturally modeled as bipartite graphs, which GNNs have used extensively to propagate preferences
and uncover collaborative filtering patterns [59]. However, many recommendation scenarios also
involve textual descriptions—such as product reviews, movie summaries, or news articles—which
encode latent semantic signals that are not explicitly modeled in the graph [60]. By incorporating
LLM-derived embeddings from such textual sources into the node representations within a GNN,
or by prompting LLMs with graph-based context, systems can better understand user intent and
item semantics. This has led to improvements not only in recommendation accuracy but also in
explainability, as LLMs can be prompted to provide natural language rationales for suggestions
[61]. In knowledge-intensive natural language processing tasks—such as question answering, fact
verification, and information extraction—knowledge graphs play a central role in grounding language
in structured reality. GNNs have traditionally served as the reasoning engine over such graphs, while
LLMs functioned as the language interface [62]. Recent trends, however, move toward a deeper
integration, where LLMs are prompted with serialized subgraphs, and their outputs are fed back
into GNN modules for further structural validation or disambiguation [63]. Systems like Retrieval-
Augmented Generation (RAG) and Knowledge-Aware Transformers leverage this tight coupling to
mitigate hallucinations, improve factual consistency, and facilitate multi-hop reasoning across entities
and relations. Moreover, in domains such as legal or financial analytics, where knowledge bases
are critical but often noisy, GNNs can denoise or reweight evidence sources, while LLMs synthesize
natural language answers that preserve logical coherence. Even in the domain of software engineering
and program analysis, the synergy between GNNs and LLMs is gaining traction. Abstract syntax
trees (ASTs), control flow graphs (CFGs), and call graphs are used to model code structure, and
GNNs have proven valuable for tasks like vulnerability detection, code summarization, and type
inference [64]. Meanwhile, LLMs such as Codex and CodeBERT are proficient in generating and
understanding source code from textual prompts. By combining the two—using GNNs to reason
about structural dependencies in code and LLMs to handle comments, documentation, or naming
conventions—modern AI-powered development tools are achieving unprecedented accuracy and
generalizability in code understanding tasks [65]. In all these domains, the integration of GNNs and
LLMs leads to models that are not only more performant but also more robust and interpretable
[66]. This is especially crucial in high-stakes or low-resource environments where generalization,
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transparency, and data efficiency are paramount. Importantly, these applications also reveal a larger
paradigm shift: as data becomes increasingly multimodal and interconnected, the need for models that
can fluidly move between graphs and language—structure and semantics—becomes both inevitable
and indispensable.

6. Challenges and Open Problems
Despite the rapid progress and impressive results achieved at the intersection of Graph Neural

Networks (GNNs) and Large Language Models (LLMs), a number of critical challenges remain
unresolved [67]. These challenges are both theoretical and practical, spanning issues of scalability,
representation alignment, task generalization, evaluation, and interpretability [68]. Addressing these
open problems is vital not only for refining current hybrid approaches but also for paving the way
toward a unified theory of graph and language learning in machine intelligence. One of the foremost
challenges lies in the representation gap between graphs and sequences [69]. GNNs operate natively
on structured, non-Euclidean data, where topology and connectivity define the primary inductive
biases [70]. In contrast, LLMs consume flat, linearized sequences of tokens, and their attention
mechanisms are optimized for positional and co-occurrence statistics [71]. When graphs are serialized
into sequences—using techniques such as random walks, adjacency encodings, or prompt-based
node tuples—much of the relational information may be distorted or lost. The challenge, then, is to
develop more faithful serialization strategies that preserve graph topology while remaining compatible
with LLM tokenization schemes. Conversely, when LLM-generated outputs (e.g., reasoning traces,
graph edits, or textual predictions) are mapped back into structured formats, the inverse problem of
deserialization becomes equally nontrivial. This bidirectional representational bottleneck is currently
a major roadblock to seamless integration [72]. Scalability is another pressing concern [73]. GNNs,
particularly message-passing variants, can suffer from the well-known issues of over-smoothing
and neighborhood explosion as depth increases, making them less effective on large or densely
connected graphs [74]. On the other hand, LLMs are computationally intensive due to their quadratic
attention complexity with respect to sequence length, which becomes prohibitive when processing
serialized forms of large graphs. Hybrid models inherit the computational burdens of both paradigms,
raising significant challenges in terms of memory usage, training time, and inference latency [75,76].
Efficient architectural designs, such as sparse attention mechanisms, hierarchical graph encodings, or
parameter-efficient fine-tuning (e.g., LoRA, adapters) are active areas of research aimed at mitigating
these scalability issues. Another open problem concerns task alignment and generalization [77]. While
LLMs excel at zero-shot and few-shot generalization in language domains, their performance on
graph-related tasks often hinges on the quality of the prompt or the fidelity of the graph serialization
[78]. GNNs, in contrast, require full supervision or carefully designed pretraining schemes but
generalize poorly to unseen graphs or tasks with distributional shift. Designing training objectives
and curriculum strategies that allow hybrid models to generalize effectively—especially in low-
resource or cross-domain settings—remains an unresolved challenge [79]. Furthermore, benchmarks
that fairly compare GNNs, LLMs, and hybrid models on the same tasks are limited, making it
difficult to draw reliable conclusions about their relative merits or synergies [80]. Interpretability
and explainability are also critical issues, particularly for applications in high-stakes domains such
as healthcare, finance, and law [81]. While GNNs offer some degree of interpretability via graph
attention weights, influence functions, or subgraph importance scores, LLMs remain largely opaque.
When combined in hybrid systems, the interpretability problem compounds: the interaction between
structural and semantic reasoning becomes difficult to trace, and debugging model errors becomes
more complex [82]. There is a growing need for integrated explanation frameworks that can jointly
visualize and rationalize both graph-level and language-level components of model behavior. Such
frameworks should ideally allow users to inspect the propagation of information across graph edges,
the influence of specific tokens or prompts, and the interaction between the two in downstream
predictions. Moreover, data availability and standardization pose practical challenges [83]. There is
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a lack of large-scale, high-quality datasets that natively integrate graph structure with rich textual
descriptions in a task-driven format. Most benchmarks either focus on pure graph tasks (e.g., OGB
datasets) or purely textual tasks (e.g., GLUE, SuperGLUE, MMLU), with very few straddling the
boundary. Synthetic datasets or heuristically constructed graph-text corpora offer a starting point but
often fail to reflect the complexity of real-world graph-linguistic interactions [84]. The community
urgently needs standardized benchmarks, evaluation metrics, and shared tasks that test the full
pipeline of graph-to-text and text-to-graph reasoning under realistic conditions. Finally, there are
foundational questions about the theoretical limits and synergies of GNNs and LLMs. To what
extent can Transformers simulate graph algorithms over serialized inputs? Can message passing
in GNNs be augmented with learned attention from LLMs in a theoretically grounded way? What
classes of functions are expressible only through their combination? These questions touch on the
nature of representation, reasoning, and learning, and answering them may require new insights from
graph theory, information theory, and computational complexity. As research continues to push the
boundaries of hybrid learning systems, such foundational understanding will be crucial in guiding
principled model design rather than relying solely on empirical heuristics [85]. In sum, while the fusion
of GNNs and LLMs offers immense promise, it is still a nascent field grappling with core scientific and
engineering challenges. Progress will require coordinated efforts across algorithm design, systems
optimization, theoretical analysis, and benchmark development. Addressing these challenges will not
only lead to better models but also to deeper insights into how structure and semantics can be unified
in intelligent systems [86].

7. Future Directions
As the boundaries between structured and unstructured data continue to blur, the interplay

between Graph Neural Networks (GNNs) and Large Language Models (LLMs) is poised to redefine the
next generation of machine learning systems [87]. While existing research has already demonstrated
the potential of hybrid models that combine graph reasoning with language understanding, the
trajectory ahead is rich with possibilities for methodological innovation, theoretical integration, and
real-world impact. In this section, we outline several promising future directions that will shape
the landscape of graph-language modeling in the years to come [88]. One major direction is the
development of graph-native LLMs—models that are pretrained directly on graph-structured data
rather than on sequences derived from text alone [89]. Such models would use message passing,
attention over graph neighborhoods, or novel positional encodings tailored for non-Euclidean data as
their fundamental building blocks. While some early works have attempted to adapt Transformers
for graphs (e.g., Graphormer, SAN), there remains significant room to design pretraining objectives
that capture both topological patterns and semantic relationships simultaneously [90]. These models
could learn from massive knowledge graphs, citation networks, or molecular structures, potentially
uncovering universal graph-language representations that generalize across domains and tasks [91].
Closely related is the idea of multimodal graph-language pretraining, where models are trained on datasets
that pair graph structures with natural language annotations. Consider, for example, a molecular
graph linked to its SMILES string and natural language description of its pharmacological properties,
or a knowledge graph where each entity is accompanied by a textual description [92]. Pretraining
across both modalities could enable models to translate seamlessly between graphs and text, producing
graph explanations in natural language, or generating synthetic graphs from textual specifications.
This direction opens the door to novel applications in explainable AI, data synthesis, and cross-modal
retrieval, all of which benefit from a deep, bidirectional understanding of structure and language
[93]. Another promising area is the integration of retrieval-augmented mechanisms in graph reasoning.
While retrieval-augmented generation (RAG) has become a standard technique in LLMs for grounding
open-domain question answering, similar ideas could be applied in the graph context [94]. A hybrid
model could retrieve relevant subgraphs from a large corpus of knowledge graphs or dynamically
construct local graphs based on textual queries, then use GNNs to perform reasoning and LLMs to
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interpret or refine the outputs [95]. This dynamic interplay between retrieval, graph construction, and
linguistic inference could enable highly flexible and efficient systems for tasks such as fact verification,
legal reasoning, or semantic search [96]. Few-shot and zero-shot generalization over graphs is another
frontier of considerable importance [97]. While LLMs have shown remarkable performance in few-shot
learning through in-context examples, extending this capability to graph domains is nontrivial. Future
work could investigate how few-shot prompts, combined with structural priors from GNNs, might
enable models to generalize to unseen graphs, new relations, or novel node types with minimal
supervision. Techniques such as adapter layers, soft prompting, or meta-learning could help bridge the
inductive gaps between language and structure, creating more versatile and sample-efficient learners.
A significant research opportunity also lies in the realm of causal reasoning over graph-text interfaces
[98]. Many real-world problems—such as disease progression modeling, financial risk assessment, or
policy analysis—involve not just correlation but causal inference across structured and textual data.
Future models may need to reason about interventions, counterfactuals, or temporal dependencies
across graphs (e.g., patient treatment networks) while synthesizing explanations in natural language
[99]. This will require a synthesis of graph-theoretic causal modeling with the generative reasoning
abilities of LLMs, along with new training objectives and evaluation criteria grounded in causal
semantics [100]. Finally, as these models become increasingly powerful and autonomous, questions of
robustness, fairness, and ethical alignment will become ever more pressing [101]. Graphs are susceptible
to adversarial attacks, and LLMs are known to hallucinate or propagate biases from their training data
[102]. The intersection of the two paradigms introduces compounded risks—for example, generating
biased or misleading textual justifications for incorrect graph inferences. Future research must address
these concerns by developing interpretable and verifiable hybrid systems, establishing safeguards
against misuse, and exploring governance frameworks for deploying such models in socially sensitive
contexts [103]. In conclusion, the fusion of GNNs and LLMs represents more than just an architectural
trend—it signals a deeper shift toward AI systems that can reason fluidly across structure and language
[104]. The challenges ahead are substantial, but so are the rewards: more intelligent, generalizable,
and human-aligned models that can understand the world not just as a sequence of words or a set of
edges, but as a rich interplay of structure, semantics, and meaning. As this field matures, it is likely to
produce foundational advances that resonate across disciplines, from natural science and engineering
to education, healthcare, and beyond.

8. Conclusion
The rapid co-evolution of Graph Neural Networks (GNNs) and Large Language Models (LLMs)

marks a transformative period in the landscape of machine learning, one in which structure-aware
reasoning and language-based understanding are no longer pursued in isolation. This survey has
explored the conceptual foundations, architectural strategies, practical applications, and open chal-
lenges that emerge at the intersection of these two powerful paradigms. While GNNs offer precise,
topology-sensitive modeling of relational data, LLMs bring an unprecedented capacity for flexible
reasoning, semantic abstraction, and few-shot generalization. Together, they form the building blocks
of a new class of models capable of unifying structure and language into cohesive, intelligent systems.

We have seen that GNNs excel at learning from graph-structured inputs by exploiting the locality
and inductive biases of node connectivity. They offer interpretable paths through which information
flows from neighbors and have demonstrated strong empirical performance across a variety of domains
including chemistry, recommendation systems, and social network analysis. Yet, their limitations in
generalization, representation power (e.g., the 1-WL bottleneck), and reliance on labeled data often
constrain their scalability and flexibility. Conversely, LLMs have emerged as general-purpose learners,
capable of synthesizing, generating, and reasoning with minimal supervision. Their strength lies in
semantic fluency and context modeling, but they are fundamentally disadvantaged when it comes to
explicitly handling structured, graph-based relationships—unless such structure is carefully encoded
into textual form.
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The hybridization of these approaches is not merely additive but potentially synergistic. By
incorporating graph embeddings into LLM prompts or using LLMs to contextualize node and edge
features in GNNs, researchers have begun to unlock capabilities that neither paradigm can achieve
alone. These models have already begun to influence critical tasks such as molecular generation,
knowledge graph completion, scientific literature synthesis, and multi-hop reasoning. The promise lies
not just in task performance, but in the possibility of creating models that reason more like humans—by
fluidly navigating both abstract structures and rich semantics.

Despite these advances, it is clear that much work remains. Fundamental gaps persist in how
graphs and sequences interact within neural architectures, and existing models are often inefficient,
hard to interpret, or brittle in the face of distributional shifts. There are also philosophical and
theoretical questions yet to be fully addressed: Can one architecture ultimately subsume the capabilities
of the other? Or will hybrid models always be necessary to strike the right balance between relational
and linguistic generalization? Furthermore, as models continue to scale and be deployed in high-stakes
environments, ensuring robustness, fairness, and alignment with human values will be critical.

Ultimately, this survey underscores that GNNs and LLMs are not competing paradigms, but
rather complementary perspectives on intelligence. Just as graphs offer a powerful abstraction for
structure, language provides a universal interface for communication and reasoning. Bridging the
two allows for the development of models that are not only more powerful and general, but also
more aligned with the way we as humans understand and navigate the world. The next generation of
AI will likely be built not by choosing between graphs or language, but by learning how to harness
both in concert, leveraging their unique strengths to tackle increasingly complex, multimodal, and
interconnected problems. As research at this intersection continues to mature, it holds the potential to
fundamentally reshape how we model, reason about, and interact with structured knowledge in the
age of large-scale machine learning.
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