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Abstract
Graph-LanguageModels (GLMs) aim to endow LLMswith structure-
grounded reasoning ability, yet existing solutions often struggle
with modality interference: structural information can disrupt pre-
trained linguistic reasoning, while language cues can overwhelm
structural signals. Mainstream modular GLMs with an external
graph encoder attempt to mitigate the interference by separating
graph encoding from language decoding. This separation fails to
strike an effective balance between modality fusion and interfer-
ence, exhibiting limited cross-modal interaction while leaving inter-
ference between modalities largely unresolved. To tackle the above
challenges, we propose MOBI (Monolithic Graph-Language Model-
ing BeyondModality Interference), a monolithic graph-language
model that unifies graph encoding and language decoding within
a single backbone for end-to-end graph-text fusion. Specifically,
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MOBI overcomes modality interference via (i) dual-pathway trans-
former that preserves pretrained linguistic knowledge while acquir-
ing structural understanding, (ii) progressive interaction scheduling
that suppresses cross-modal noise by dynamically regulating the
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1 Introduction
Traditional graph learning models, such as Graph Neural Networks
(GNNs) [17, 26, 45] and Graph Transformers [53, 54], have achieved
strong performance on curated benchmarks; however, they often
fall short in real-world settings where labels are scarce or unavail-
able, thereby heavily relying on task-specific supervision [21, 59].
Recent breakthroughs in Large Language Models (LLMs) [2, 42, 44]
have revealed a compelling route toward general-purpose, zero-
shot reasoning. Notably, LLMs have been successfully extended
beyond text to other modalities, giving rise to powerful multimodal
LLMs, such as Vision-Language Models (VLMs) [1, 30, 34], as well
as audio-language [11, 23] and video-language models [32, 38]
that jointly integrate perception signals and language understand-
ing. These advances naturally motivate treating graphs as another
modality, spurring growing interest in Graph-Language Models
(GLMs) [3, 27, 41] that seek to bridge graph-structured data with
LLMs.

Graphs and language are inherently different modalities: graphs
represent relational inductive biases through permutation-invariant
topology, while language organizes semantics as an ordered se-
quence. Jointly modeling them therefore faces a core problem of
modality interference, where learning structural perception can neg-
atively affect the LLM’s linguistic capabilities, and vice versa.

To mitigate this problem, most existing GLMs follow an “Align-
and-Connect” paradigm [4, 41, 47, 50], mirroring the prevalent
modular design in VLM literature [30, 34]. Concretely, an exter-
nal graph encoder (typically a GNN) produces graph tokens that
are passed by a lightweight connector (e.g., a shallow projector)
to a (largely) frozen LLM, aiming to reduce modality interference
by isolating graph encoding from language decoding. However,
this isolation comes at the cost of limited graph-text fusion: the
graph encoder must compress topology into a narrow interface and
struggles to generalize across diverse graph distributions [21, 33],
while the LLM cannot directly access raw graph topology and thus
remains bounded in structure-grounded reasoning [55]. To further
strengthen graph-text interaction, several recent works [27, 48] in-
troduce heavyweight modules to jointly encode two modalities.
However, they remain confined to the modular paradigm. The
heavyweight encoder also incurs substantial computational over-
head and inference latency [8]. Overall, these methods fail to strike
an effective balance between modality fusion and interference, ex-
hibiting limited cross-modal interaction while leaving interference
between modalities largely unresolved.

To overcome the aforementioned limitations, we explore moving
beyond the modular framework, achieving deep graph-text integra-
tion while effectively mitigating modality interference. Motivated
by the success of emerging encoder-free architectures in VLM re-
search [9, 28, 35], we aim to develop a monolithic graph-language
model with native structural understanding for generalizable graph
learning. Unlike prevalent modular approaches, a monolithic frame-
work employs a single Transformer to unify graph encoding and
language decoding, enabling end-to-end learning of deep, flexible
graph-text interactions.

Nevertheless, developing a monolithic GLM to go beyond modal-
ity interference is non-trivial, which translates into the following
challenges, as shown in Figure 1: i) Relying on lightweight projector
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Figure 1: Three levels of modality interference in monolithic
graph-language models.

tuning is inadequate for capturing generalizable structural knowl-
edge [48, 55], whereas fully fine-tuning the LLM risks catastrophic
forgetting of pre-trained linguistic knowledge (we empirically find
that directly fine-tuning the model causes the invalid output rate to
surge in downstream tasks). This optimization-level interference,
also known as the stability-plasticity dilemma, necessitates a spe-
cialized model capable of learning new structural patterns while
shielding the linguistic knowledge from interference. ii) While a
monolithic architecture enables free graph-text interplay, uncon-
strained attention in shallow layers can entangle immature rep-
resentations and propagate cross-modal noise. We diagnose this
representation-level interference by tracking cross-modal attention
weights across layers: without explicit regulation, cross-modal at-
tention dominates from layer 1 (>80%) for graph tokens, whereas
a well-regulated model should exhibit near-zero cross-modal at-
tention in early layers. This requires a mechanism to dynamically
regulate the information flow. iii) Given the rich text attributes
in common TAGs [10, 51], LLMs are prone to establishing textual
shortcuts while ignoring topological signals during training [22, 49].
This data-level interference results in performance degradation in
scenarios where structural information dominates.

To address these challenges, we propose MOBI (Monolithic
Graph-Language Modeling Beyond Modality Interference), a novel
monolithic framework designed for robust zero-shot graph general-
ization. Unlike modular baselines, MOBI operates without external
encoders, directly taking graph nodes and structures as input for
end-to-end learning. Concretely, MOBI resolves modality interfer-
ence through three key innovations: i) The Dual-Pathway Trans-
former mitigates catastrophic forgetting by disentangling graph
and text parameter pathways, enabling effective structural learn-
ing without compromising pre-trained linguistic capabilities; ii)
The Progressive Interaction Scheduling reduces cross-modal noise
by regulating the attention mechanism, prioritizing uni-modal en-
coding in shallow layers and progressively intensifying graph-text
interaction in deeper layers where representations are semantically
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aligned; iii) The Correlation-Guided Attribute Perturbation selec-
tively masks the textual attributes of nodes exhibiting high text-
label correlations, compelling the model to leverage topological
information. Collectively, these designs yield a monolithic graph-
language model that can perform zero-shot, structure-grounded
reasoning. Extensive experiments across 11 datasets show that
MOBI consistently outperforms modular baselines.

In summary, our contributions are as follows:
• We propose MOBI, a monolithic graph-language model that
enables end-to-end learning of graph-text interactions for
structure-grounded reasoning within a single Transformer.

• We introduce three key designs to resolve modality interfer-
ence, including a Dual-Pathway Transformer to prevent cat-
astrophic forgetting, Progressive Interaction Scheduling to
reduce cross-modal noise, and Correlation-Guided Attribute
Perturbation to mitigate textual shortcuts. These designs
jointly empower the model with native and generalizable
structural understanding.

• Extensive experiments demonstrate the superiority of MOBI
in zero-shot scenarios across diverse datasets, tasks, and
domains. Furthermore, in-depth analyses validate the effec-
tiveness of each component, as well as MOBI’s versatility
and efficiency.

2 Related Work
2.1 Graph Neural Networks
Graph Neural Networks (GNNs) have become the dominant ap-
proach for representation learning on graph-structured data [26, 45,
56]. Extensive studies have developed advanced GNN architectures
and achieved strong performance on various tasks [7, 15, 45, 57].
However, their success often relies on abundant high-quality labels,
which are costly to obtain in practice. To reduce label dependence,
self-supervised graph learning methods leverage contrastive or gen-
erative objectives to learn from unlabeled data [43, 46, 59]. Mean-
while, graph prompt-based approaches adapt prompts from NLP to
unify different graph tasks under a shared pre-training framework
[12, 39]. Despite alleviating label scarcity, most methods still follow
the pre-train–fine-tune pipeline and thus require labeled data for
downstream adaptation, limiting their zero-shot generalization.

2.2 LLMs for Graph Learning
Existing studies that incorporate Large Language Models (LLMs)
into graph learning can be broadly grouped into two categories:
LLM as Enhancer and LLM as Predictor [25].

LLM as Enhancer methods exploit LLMs to enrich node fea-
tures [6, 18], refine graph structures [16, 62], or generate pseudo-
labels [60], achieving strong supervised performance by leveraging
pre-trained knowledge. However, since these methods primarily
utilize GNNs as the final predictive backbone, they still rely on la-
beled data and thus generalize poorly to zero-shot settings. Recent
attempts to improve cross-dataset transfer with language semantics
[31, 33] yield only limited gains, mainly due to shallow graph–text
interaction and the use of relatively small LLMs.

LLM as Predictor methods primarily follow two distinct paths.
The first involves linearizing graphs into text sequences for direct
LLM input [13, 49]. However, these methods suffer from prompt

sensitivity and excessive sequence lengths [40]. The second path
aims to develop Graph-Language Models (GLMs), akin to Vision-
Language Models (VLMs) research [1, 30, 34]. Most existing GLMs
adopt GNN-LLM modular architectures, where the GNN typically
undergoes a CLIP-style [37] alignment process to generate inputs
compatible with the LLM [4, 41, 47, 50, 61]. While decoupling graph
encoding from language decoding alleviates modality interference,
it hinders end-to-end modality fusion. On the one hand, since the
LLM is restricted to the graph encoder’s lossy compression without
accessing raw topology, its structural understanding is inevitably
upper-bounded. On the other hand, the lack of task-specific guid-
ance makes training of a universally generalizable inherently chal-
lenging.

More recently, some attempts have been made to enhance graph-
text fusion. For example, GOFA [27] couples a GNN into an addi-
tional LLM as a graph encoder to generate prompt-guided represen-
tations from raw text. UniGTE [48] proposes a graph-text encoding
module featuring structure-aware graph-text attention. However,
these methods focus solely on refining the encoder part and remain
confined to the modular paradigm with separate graph encoding
and language decoding, while leaving the modality interference
problem unsolved. Besides, incorporating a heavyweight encoder
incurs substantial computational overhead and inference latency,
posing engineering complexities during deployment [8].

Two exceptions of the modular paradigm are LLaGA [3] and
GDL4LLM [63] that directly input node features into LLMs based on
tree templates or randomwalk sequences. While removing separate
encoders, they fail to fully preserve fine-grained graph structural
properties (e.g., permutation invariance). Furthermore, they treat
graph tokens and text tokens uniformly without modality-specific
specialization and only consider supervised scenario.

Different from all these methods, we propose a monolithic GLM
that directly address the modality interference problem. To the
best of our knowledge, we are the first to investigate monolithic
GLM with native graph structural understanding for zero-shot
generalization on graphs.

2.3 Monolithic VLMs
Unlike the prevailing modular paradigm that relies on external
vision encoders, monolithic VLMs [8, 9, 28, 29, 35] integrate visual
encoding and language decoding into a unified transformer archi-
tecture to bypass the inductive biases of pretrained visual encoders,
enable end-to-end modality fusion and improve deployment ef-
ficiency. EVE [8] pioneered this direction by directly projecting
raw image patches into the LLM’s token space, bypassing heavy
visual encoders. To address the catastrophic forgetting problem
in training monolithic VLMs, Mono-InternVL [35] incorporates
endogenous visual experts via a Mixture-of-Experts (MoE) archi-
tecture to disentangle visual learning from linguistic knowledge.
Recently, SAIL [28] has empirically validated the scalability of these
simplified, encoder-free architectures, suggesting that a single trans-
former is sufficient for learning robust multi-modal representations
given sufficient data. These studies collectively validate the poten-
tial of encoder-free, end-to-endmonolithic modeling ofmulti-modal
data. Inspired by these works, we aim to develop amonolithic LGLM
for zero-shot generalization on graphs.
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3 Preliminary
Graph is a data structure that describes a set of entities and their rela-
tionships. Formally, a graph can be represented as𝐺 = (V, E,A,X),
whereV = {𝑣1, 𝑣2, . . . , 𝑣𝑁 } is the set of 𝑁 nodes, and E ⊆ V ×V
is the set of edges. A ∈ R𝑁×𝑁 is the adjacency matrix representing
the topological structure, with 𝐴𝑖 𝑗 = 1 if an edge exists between
node 𝑣𝑖 and 𝑣 𝑗 , and𝐴𝑖 𝑗 = 0 otherwise.X ∈ R𝑁×𝐹 is the node feature
matrix, where each row represents the 𝐹 -dimensional feature vector
of a node. These features are typically derived by encoding the raw
features of nodes using a Pre-trained Language Model (PLM).

In existing GLM studies, graph tasks are reformulated as a text
generation task by converting the graph information and task re-
quirement into a graph-text hybrid input, which is fed into the LLM.
Take node classification as an example, a typical graph-text hybrid
input [41] can be structured as: Given a citation graph from arXiv:
<node 1><node 2>. . . <node 𝑛>, with the following information: Title:
{title}, Abstract: {abstract}. Question: Which arXiv CS sub-category
does this target paper belong to? Here, <node 1><node 2>. . . <node
n> represents a sequence of graph token embeddings. These embed-
dings contain information of the subgraph 𝐺sub centered around
the target node (or edge) for node-level (or edge-level) tasks. In
the modular paradigm, they are generated by an external graph
encoder. In contrast, in our monolithic model, we directly use node
features as graph tokens. The graph-text hybrid input sequence can
be denoted as x = (𝑥1, 𝑥2, . . . , 𝑥𝐿). To distinguish between modal-
ities, we introduce a corresponding sequence u = (𝑢1, 𝑢2, . . . , 𝑢𝐿),
where 𝑢𝑖 ∈ {𝑔, 𝑡} indicates whether the 𝑖-th token belongs to the
graph (𝑔) or text (𝑡 ) modality. Given this hybrid input sequence, the
model needs to simultaneously process both graph and language
information to generate the final answer.

4 Methodology
We introduceMOBI, a monolithic graph-language model capable
of structure-aware reasoning for generalizable graph learning. Fig-
ure 2 outlines the key components of our proposed method. We em-
ploy aDual-Pathway Transformer to endow the LLMwith graph
structural awareness without compromising its inherent linguistic
knowledge. A Progressive Interaction Scheduling mechanism
is incorporated to dynamically regulate the interaction between

graph and text tokens. To mitigate the textual shortcuts, we in-
troduce a Correlation-Guided Attribute Perturbation strategy
during training. This strategy encourages the model to prioritize
structural patterns over textual cues. The structure of this section is
organized as follows: we start by introducing a generalized version
of the attention mechanism that supports hybrid graph-text inputs,
followed by a detailed presentation of the three key designs we
propose.

4.1 Graph-Text Attention
Herewe introduce a generalized attentionmechanism as the premise
of our model. In our monolithic paradigm, a natural question is
how to conduct self-attention given the graph-text hybrid input.
Most existing approaches [3, 41] simply treat the graph tokens
as text tokens and adopt conventional causal attention. We adopt
a generalized graph-text attention mechanism [48] that assigns
shared positional ids to graph tokens and integrates graph relative
positional encoding to perceive the graph structure, as in Graph
Transformer models [53, 54]. Specifically, the attention score before
applying the softmax function can be formally expressed as:

𝑆𝑖 𝑗 = 𝑥
𝑇
𝑞𝑊

𝑇
𝑄 R(𝑝 (𝑖) − 𝑝 ( 𝑗))𝑊𝐾𝑥𝑘/

√
𝑑 + 𝑏𝑔 (𝑖, 𝑗) + 𝑏𝑚 (𝑝 (𝑖), 𝑝 ( 𝑗)),

(1)
where 𝑝 (·) is a position mapping function that assigns a shared
position ID to all graph tokens while preserving the sequential
positions for text tokens. The first term operates as in standard
ROPE. 𝑏𝑔 (𝑖, 𝑗) is a graph relative positional encoding bias that en-
codes the structural relationship between nodes (e.g., shortest path
distance). 𝑏𝑚 (𝑖, 𝑗) is the causal attention masking bias. This design
ensures that graph tokens can attend to each other with structural
information injected, while their ordering has no effect on the atten-
tion process. However, the generalized graph-text attention alone
is insufficient to build a monolithic GLM with native structural
understanding due to severe modality interference. Specifically, i) it
does not address the stability-plasticity problem. ii) It lacks explicit
regulation of graph–text interactions, making it prone to shallow-
layer entanglement that undermines effective alignment and fusion.
iii) It remains susceptible to spurious text–label correlations on
text-attributed graphs.
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4.2 Dual-Pathway Transformer
Inspired by the divide-and-conquer principle [9], we employ a hy-
brid architecture that integrates modality-aware parameter sparsity
and cross-modal parameter sharing within a unified Transformer
model. Specifically, in the first 𝐾 dual-pathway Transformer blocks
of the LLM, we perform parameter decoupling and introduce two
pathways, where tokens from different modalities are assigned dis-
tinct parameters. In the other single-pathway Transformer blocks,
parameters are shared between the graph and text modalities. In the
dual-pathway Transformer blocks, rather than simply applying the
Mixture-of-Experts(MoE) [14] designs to the feed-forward network
(FFN), we additionally consider the self-attention and normalization
layers to fully capture modality-specific patterns. For the attention
layer, we explicitly define separate projection matrices for different
token types:

ATTN(x;𝜃𝑢attn)𝑖 =
𝐿∑︁
𝑗=1

exp(𝑆𝑖 𝑗 )∑𝐿
𝑘=1 exp(𝑆𝑖𝑘 )

,𝑊
𝑢 𝑗

𝑉
𝑥 𝑗 ,

𝑄𝑖 =𝑊
𝑢𝑖
𝑄
𝑥𝑖 , 𝐾𝑖 =𝑊

𝑢𝑖
𝐾
𝑥𝑖 , 𝑉𝑖 =𝑊

𝑢𝑖
𝑉
𝑥𝑖 .

(2)

Here the modality-specific query, key, and value are derived from
their respective attention weight matrices𝑊 𝑢𝑖 , 𝑢𝑖 ∈ {𝑔, 𝑡}. Note the
first score term in Eq (1) becomes 𝑥𝑇𝑞 (𝑊

𝑢𝑖
𝑄
)𝑇R(𝑝 (𝑖) − 𝑝 ( 𝑗))𝑊 𝑢 𝑗

𝐾
𝑥𝑘

in this case. This enables the LLM to model diverse patterns within
both unimodal and cross-modal attention. The dual-pathway Trans-
former block can be expressed as follows:

h = x + ATTN
(
LN1(x;𝜃𝑢ln1);𝜃

𝑢
attn

)
,

x′ = h + FFN
(
LN2(ℎ;𝜃𝑢ln2);𝜃

𝑢
ffn
)
.

(3)

During model training, we update the parameters of the graph
modality while freezing those of the text modality. This enables
the LLM to develop graph-awareness from scratch while simultane-
ously preserving its pretrained knowledge by freezing the textual
parameters, as illustrated in Figure 2. In the first 𝐾 dual-pathway
blocks, distinct parameter sets enable themodel to capturemodality-
specific patterns and align graph and text representations. Then,
the later single-pathway blocks conduct structure-grounded rea-
soning on the aligned representation. It is worth noting that this
form of decoupling differs from the separation of graph encoding
and language decoding in modular architectures. Despite using
distinct parameter sets, the graph and text modalities can still in-
teract within the self-attention layers with structural information
injected.

4.3 Progressive Interaction Scheduling
Although the architectural innovation described above ensures that
the parameters of the text modality remain unaffected during the
learning of graph structural perception, the modality interference
persists at the representation level, where unconstrained interaction
in the shallow layers can entangle immature representations and
amplify cross-modal noise. Intuitively, each modality should focus
on aggregating modality-specific information in the shallow layers,
transitioning to cross-modal interaction in deeper layers when
robust uni-modal representations have been learned.

Therefore, we propose a progressive interaction schedulingmech-
anism applied to 𝐾 dual-pathway Transformer blocks. Specifically,

we add an additional dynamic modality-wise masking bias term
𝑏𝑐 (𝑢𝑖 , 𝑢 𝑗 , 𝑘) added to 𝑆𝑖 𝑗 :

𝑆𝑖 𝑗 = 𝑆𝑖 𝑗 + 𝑏𝑐 (𝑢𝑖 , 𝑢 𝑗 , 𝑘), (4)

where the added bias term returns the corresponding attention
bias based on the modality types of the query and key, and the
current layer number 𝑘 ∈ [1, 𝐾]. There exist various options for
implementing the function𝑏𝑐 . Our default choice is a linear function
that decays with layer depth, formulated as:

𝑏𝑐 (𝑢𝑖 , 𝑢 𝑗 , 𝑘) =

𝑏start𝑔 + 𝑘−1

𝐾−1 (𝑏
end
𝑔 − 𝑏start𝑔 ) if 𝑢𝑖 = 𝑢 𝑗 = 𝑔

𝑏start𝑡 + 𝑘−1
𝐾−1 (𝑏

end
𝑡 − 𝑏start𝑡 ) if 𝑢𝑖 = 𝑢 𝑗 = 𝑡

0 otherwise,
(5)

where 𝑏start𝑔 , 𝑏start𝑡 , 𝑏end𝑔 and 𝑏end𝑡 are hyperparameters denoting the
initial&final bias values for the first&last layer, respectively. The
incorporated attention bias can be interpreted as a regulator of intra-
modality information exchange, which gradually decreases as the
network goes deeper. Note that we only consider the graph–graph
and text–text pairs here, since this is equivalent to considering all
four possible modality combinations in the attention scores before
softmax. We also consider implementing 𝑏𝑐 as a learnable gating
function, but found that it brought little improvement (details in
Section 5.4).

The proposed modality-wise attention bias term imposes a hi-
erarchical, curriculum-like control over information flow of the
model. In the early layers, by focusing on intra-modality attention,
the model can develop robust and high-quality uni-modal represen-
tations. As the model transitions to deeper layers, it progressively
shifts its focus to cross-modal fusion and alignment, effectively
addressing the noise propagation that occurs in graph-text interac-
tions. In the final few dual-pathway Transformer layers, the bias
term is assigned a negative value so as to prioritize cross-modal
interactions over intra-modal ones. This design is intended to en-
able the 𝐾 modality-aware Transformer layers to more effectively
align graph structures with language tokens. Note that the follow-
ing standard Transformer layers continue to employ the standard
attention mechanism.

Interestingly, with the modality-wise attention bias term and the
dual-pathway Transformer blocks, we can regard a modular archi-
tecture as a special case of our framework to some extent. When
we impose a hard constraint that completely prohibits cross-modal
interaction in the first𝑀 blocks, the graph-modality component in
this part functions as an independent𝑀-layer graph Transformer,
whose output is passed to the subsequent Transformer blocks. The
corresponding modality-wise attention bias function can be ex-
pressed as:

𝑏𝑐 (𝑢𝑖 , 𝑢 𝑗 , 𝑘) =
{
𝜇, if (𝑢𝑖 = 𝑢 𝑗 ) ∧ (𝑘 < 𝑀),
0, otherwise,

(6)

where 𝜇 is a large positive value (𝜇 ≫ |𝑆𝑖 𝑗 |). This highlights the
advantage of our method from another perspective: the use of
soft attention constraints offers greater flexibility and adaptability,
allowing a small amount of critical cross-modal information to
propagate in the shallow layers (e.g., domain type or task type can
guide different patterns of structural perception).
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4.4 Correlation-Guided Attribute Perturbation
Another challenge in training a monolithic GLM arises from the in-
herent bias of existing text-attributed graph (TAG) datasets, where
LLMs tend to exploit spurious correlations between text attributes
and target labels [10, 49]. When a node’s textual description is
semantically close to its label (e.g., a paper titled Graph Neural Net-
works categorized under “Artificial intelligence, neural networks”),
the LLM may correctly predict the label by relying solely on text,
thereby ignoring topological information from the graph struc-
ture. Such reliance on textual shortcuts can undermine the model’s
generalization ability, particularly in downstream datasets where
textual cues are less informative and the graph structure plays a
critical role.

Tomitigate this issue, we introduce a correlation-guided attribute
perturbation strategy during training. Specifically, we first com-
pute the embeddings of label texts using a PLM, and measure the
cosine similarity between node feature and its corresponding label
embedding for each node. A high similarity score serves as a strong
indicator that the node’s label can be easily inferred from its text
description alone. We then apply dual-pronged perturbation to the
top 𝑝 of nodes with the highest similarity scores. For these selected
nodes, (i) we completely remove their text attributes from the input
prompts provided to the LLM, and (ii) we randomly mask a subset
of dimensions in their numerical features with zeros. This strat-
egy encourages the LLM to rely on the graph’s topological signals
for accurate prediction on the perturbed samples, thereby reduc-
ing its dependence on textual shortcuts and promoting a deeper
understanding of structural relationships.

5 Experiments
To validate the effectiveness of our proposed MOBI, we conduct a
series of empirical evaluations, guided by the following research
questions:

• RQ1: How does MOBI perform on unseen datasets within the
same domain (i.e., cross-dataset zero-shot generalization)?

• RQ2: Can MOBI effectively generalize to more challenging
cross-domain and cross-task scenarios?

• RQ3: Are all components of MOBI necessary and beneficial
to its final performance?

• RQ4: How sensitive is MOBI to different LLM backbones and
key hyperparameters?

5.1 Experimental Settings
5.1.1 Datasets. We conduct comprehensive experiments on 11
widely used datasets. These datasets cover various domains, in-
cluding citation networks (Arxiv [20], Pubmed [18], Cora [52]),
e-commerce graphs (Computer [58], Books-children [58], Books-
History [58], Photo [58], Sports [58]), web links (WikiCS [36]), and
social networks (Instagram [24], Reddit [24]). These datasets ex-
hibit distinct characteristics, ensuring a thorough evaluation of
MOBI’s efficacy. Following previous work [47], we instruction-tune
our model on the node classification task using Arxiv and Com-
puter, respectively, and evaluate its cross-dataset transferability on
the corresponding downstream datasets within the same domain.
We further assess cross-domain transferability on unseen domains,

namely web links and social networks. To examine cross-task gener-
alization, we evaluate the model on the unseen link prediction task.
For all datasets, we adopt the same data splits as in [47]. Detailed
descriptions and splitting protocols for these datasets can be found
in Appendix A.

5.1.2 Baselines. We compare our proposed method with a wide
range of cutting-edge baselines, categorized into four major groups:
i) Classic GNNs: We include representative supervised graph neu-
ral networks, namely GCN [26], GraphSAGE [17], and GAT [45].
ii) Self-supervised Graph Learning: We select DGI [46] as a repre-
sentative method for self-supervised representation learning. iii)
Large Language Models (LLMs): We select Vicuna-7B-v1.5 [5] as
a pure text-based baseline, which is also used as our LLM back-
bone. iv) The latest models equipped with zero-shot capabilities:
This group comprises recent methods that employ LLMs/LMs for
zero-shot graph tasks, including OFA [33], ZeroG [31], LLaGA [3],
GraphGPT [41], TEA-GLM [47], and GOFA [27].

5.1.3 Implementation Details. For node prediction tasks, we em-
ploy Accuracy and Macro-F1 as evaluation metrics. For link predic-
tion, we report the Area Under the Curve (AUC). Since standard
GNN-based methods are not inherently applicable for zero-shot
scenarios, we adopt a linear probing protocol as described in [41].
Specifically, we pre-train the GNN backbone on the source dataset,
freeze the parameters, and only re-train a linear classification head
on the downstream dataset. For our proposed MOBI, we train the
model on the source dataset for 2 epochs. The number of modality-
aware transformer layers 𝐾 is tuned within the set {2, 4, 6, 8, 10}. In
the progressive graph-text interaction scheduling mechanism, we
adopt the linear version as the default setting, and the initial and
final biases are constrained to have equal absolute values, denoted
as 𝑏 and selected from {1, 2, 3, 4}. The ratio of samples to disturb 𝑝
is selected from {15%, 40%, 80%}. Unless otherwise specified, other
hyperparameters regarding model configuration and training are
kept at their default values. More details on hyperparameters can
be found in Appendix C.

5.2 Cross-Dataset Zero-shot Generalization
(RQ1)

Table 1 presents the performance of all baselines and our proposed
method on the zero-shot cross-dataset setting. The key observations
are as follows:

First, traditional GNN-based methods (i.e., GCN [26], Graph-
SAGE, GAT, and DGI) fail to generalize to unseen datasets. They
exhibit substantial performance degradation in the zero-shot setting,
sometimes approaching random guessing. This failure is primarily
due to their heavy reliance on dataset-specific feature distributions
and structural patterns. This limitation also undermines LLM-as-
Predictor approaches that rely on pre-aligned GNN embeddings,
highlighting the inherent difficulty of training a universal graph
encoder that generalizes well across diverse graph structures.

Second, among the recently proposed LLM-as-Enhancermethods
with zero-shot capabilities, OFA retains a GNN-centric architecture
and achieves only marginal improvements. ZeroG makes noticeable
progress by reformulating node classification as a transferable text
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Table 1: Performance comparison in the cross-dataset zero-shot setting. We report accuracy (Acc) andmacro-F1 score (Macro-F1).
The best results are highlighted in bold and the runner-ups are underlined.

Model PubMed Cora-large Children History Photo Sports

Acc Macro-F1 Acc Macro-F1 Acc Macro-F1 Acc Macro-F1 Acc Macro-F1 Acc Macro-F1

GCN 0.288 0.187 0.017 0.007 0.030 0.006 0.063 0.024 0.103 0.034 0.042 0.017
SAGE 0.315 0.257 0.014 0.007 0.008 0.005 0.195 0.029 0.056 0.020 0.051 0.021
GAT 0.343 0.259 0.016 0.006 0.080 0.063 0.172 0.159 0.050 0.036 0.142 0.091
DGI 0.329 0.213 0.020 0.004 0.082 0.012 0.218 0.038 0.224 0.045 0.049 0.018
OFA 0.314 0.287 0.130 0.091 0.064 0.017 0.052 0.026 0.340 0.103 0.101 0.043
ZeroG 0.760 0.743 0.162 0.141 0.176 0.177 0.475 0.206 0.455 0.409 0.389 0.450
Vicuna-7B-v1.5 0.744 0.757 0.163 0.120 0.257 0.271 0.352 0.336 0.505 0.408 0.326 0.330
LLaGA 0.793 0.778 0.168 0.108 0.199 0.163 0.146 0.144 0.276 0.362 0.352 0.446
GraphGPT 0.784 0.740 0.148 0.081 0.249 0.162 0.363 0.415 0.547 0.511 0.224 0.224
TEA-GLM 0.853 0.846 0.188 0.126 0.258 0.238 0.533 0.351 0.512 0.467 0.384 0.366
GOFA 0.768 0.741 0.206 0.175 0.206 0.292 0.394 0.395 0.410 0.461 0.305 0.355

Ours 0.897 0.869 0.224 0.168 0.277 0.274 0.542 0.449 0.595 0.563 0.416 0.476

retrieval task. Nevertheless, the absence of deep graph–text inter-
action in its late fusion architecture and the use of relatively small
LM limit its performance gains on more challenging e-commerce
datasets.

Third, while LLM-as-Predictor methods exhibit certain gener-
alization capabilities, their improvements over the vanilla LLM
backbone are often marginal. Among them, LLaGA exhibits unsat-
isfactory performance on e-commerce datasets that have varying
distributions [47], indicating that merely fine-tuning a projector
is insufficient to capture transferable graph knowledge, which is
consistent with the findings reported in [55]. Although GraphGPT,
TEA-GLM, and GOFA perform well on specific datasets, their im-
provements are unstable across different datasets. In several cases,
these complex methods even underperform the LLM backbone.
These phenomena indicate that these methods fail to endow the
LLM with generalizable graph structural understanding.

Finally, across six benchmark datasets with twelve metrics, our
method achieves state-of-the-art performance on 10 metrics and
second-best on the remaining two, demonstrating robust and con-
sistent superiority over existing approaches. This indicates that
our model successfully acquires a generalizable capability to under-
stand graph structures while avoiding catastrophic forgetting and
cross-modality interference.

5.3 Cross-domain and Cross-task Zero-shot
Generalization (RQ2)

To further evaluate the generalization ability of MOBI, we conduct
experiments under more challenging scenarios, including transfer-
ring to unseen domains (Web Links and Social Networks) and an
unseen task (Link Prediction). The results are presented in Table 2.

A key challenge in cross-domain transfer is handling the varia-
tion in the relative importance of textual semantics versus structural
topology across different graph domains. On text-rich domains (e.g.,
WikiCS), the inherent semantic capability of the pure LLM plays
a dominant role (e.g., vanilla Vicuna-7B achieving 0.641), while
most methods suffer from severe negative transfer. In contrast,

MOBI reaches 0.695, effectively augmenting the LLMwith structural
signals without compromising its semantic pretrained knowledge.
On structure-dominated domains (e.g., Instagram), where Vicuna-
7B collapses to 0.344, MOBImaintains a robust performance of 0.590,
significantly outperforming both the LLM backbone and other base-
lines. This confirms that MOBI possesses transferable structural
understanding that remains effective across domains with either
rich or sparse textual semantics.

With regard to link prediction task, most baselines exhibit poor
generalization with AUC scores around 0.5. This suggests that
their learned representations are overly specialized in node-level
semantics and fail to encode the topological connectivity essential
for link prediction. Our method achieves an AUC score of 0.746 on
Pubmed and 0.640 on Photo, demonstrating that MOBI captures
topological properties that are transferable and beneficial across
different downstream tasks.

5.4 Ablation Study (RQ3)
To accurately reflect the contribution of each component within
our model, we conduct a comprehensive evaluation of various
MOBI variants.

5.4.1 Analysis of Dual-Pathway Transformer. MOBI decouples graph
and text parameter pathwayswithin the Transformer, updating only
the graph-modality parameters during training while keeping the
text-modality parameters frozen. To validate the effectiveness of
our modality-aware parameter decoupling strategy, we compare it
against three standard fine-tuning strategies that do not decouple
modality-specific parameters: i) Projector-only: fine-tuning only
the projection layer that maps graph tokens into the LLM’s token
space, as in [3]; ii) Full Fine-tuning: updating all parameters of
the LLM backbone without any modality-aware specialization; iii)
LoRA+Projector: fine-tuning the projector and applying Low-Rank
Adaptation [19] to the LLM. The results are reported in Table 3.

We can observe that fine-tuning only the projector consistently
yields suboptimal performance. This confirms that a simple lin-
ear mapping lacks the capacity to bridge the substantial semantic
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Table 2: Performance comparison in the cross-domain and
cross-task zero-shot setting. We report accuracy (Acc) and
Area Under the Curve (AUC), respectively. The best results
are highlighted in bold and the runner-ups are underlined.

Model Node Classification (Accuracy) Link Prediction

WikiCS Instagram Reddit PubMed Photo

OFA 0.362 0.580 0.498 0.481 0.459
Vicuna-7B-v1.5 0.641 0.344 0.316 0.543 0.503
LLaGA 0.601 0.397 0.499 0.569 0.478
GraphGPT 0.478 0.462 0.527 0.502 0.485
TEA-GLM 0.449 0.479 0.491 0.689 0.545
GOFA 0.668 0.546 0.550 0.507 0.504

Ours 0.695 0.590 0.545 0.746 0.640

Table 3: Ablation study on modality-aware parameter decou-
pling. The best results are highlighted in bold.

Method Children History Photo Sports

Projector-only 0.224 0.397 0.492 0.338
Full Fine-tuning 0.218 0.343 0.560 0.349
LoRA + Projector 0.262 0.431 0.557 0.396

Ours 0.277 0.542 0.595 0.416

gap between graph structures and natural language, failing to fully
exploit the LLM’s reasoning potential. Full parameter fine-tuning ex-
hibits significant instability, suggesting that aggressively updating
all parameters on limited graph instruction data may lead to overfit-
ting or catastrophic forgetting of the pre-trained general knowledge.
LoRA+Projector provides relatively stable improvements due to its
ability to relieve overfitting and catastrophic forgetting. However,
due to the lack of modality-aware specialization, the LLM remains
inevitably affected. In contrast, our modality-aware parameter de-
coupling achieves the best performance across all datasets. This
substantial performance improvement indicates that, by assigning
distinct parameter sets to process graph and text modalities sepa-
rately, our method effectively learns graph structural patterns while
preserving the pretrained knowledge.

5.4.2 Analysis of Progressive Interaction Scheduling. In Section 4.3,
we have introduced three distinct strategies for modulating the
modality-wise attention bias function. Here, we compare the per-
formance of these choices. As visualized in Figure 3, removing
the bias term consistently yields the worst results. This indicates
that unregulated attention leads to severe cross-modal interfer-
ence: The model mixes unrefined graph and text representations
in shallow layers before clean uni-modal representations are ob-
tained. Applying a hard masking strategy generally outperforms
the unconstrained baseline by enforcing uni-modal encoding in
the shallow layers. The linear version consistently achieves strong
performance across all four datasets. By progressively adjusting the
attention bias across layers, this design allows the model to balance
uni-modal encoding in the early layers with cross-modal fusion
in the deep layers. Finally, the learnable gate function exhibits no
clear advantage over the linear counterpart. This may be attributed

Table 4: Ablation study on different perturbation choices.
The best results are highlighted in bold.

Method Children History Photo Sports

w/o Perturbation 0.240 0.492 0.547 0.377
Text Removal Only 0.245 0.512 0.538 0.401
Feature Perturbation Only 0.265 0.512 0.566 0.388

Ours 0.277 0.542 0.595 0.416
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Figure 3: Ablation study on different choices of modality-
wise attention bias function.

to the difficulty of optimizing additional parameters with limited
graph data, whereas the linear function provides a more effective
heuristic prior.

5.4.3 Analysis of Text Attribute Perturbation. To verify the effec-
tiveness of our text attribute perturbation strategy, we consider
three variants: i) W/o Perturbation (standard training without tex-
tual disturbance); ii) Text Removal Only; iii) Feature Perturbation
Only. The experimental results are presented in Table 4. As shown
in the table, the variant without perturbation yields the lowest ac-
curacy, suggesting a tendency to overfit specific textual patterns.
Moreover, applying single-mode perturbations (either removing
text or disturbing features) brings moderate improvements, validat-
ing their utility. Finally, we observe that combining both further
enhances model performance, effectively mitigating overfitting and
improving generalization on graphs.

5.5 Hyperparameter Sensitivity Analysis
In this section, we investigate how the performance of our model
varies with respect to three key hyperparameters, including 𝐾
(the number of dual-pathway transformer layers), 𝑏 (the absolute
magnitude of the initial and final biases in the linear modality-
wise attention bias function) and 𝑝 (the proportion of samples
subjected to text attribute perturbation). The corresponding results
are presented in Figure 4, Figure 5, and Table 5, respectively.

5.5.1 Impact of K. We investigate the impact of the number of dual-
pathway transformer layers𝐾 ranging from 2 to 10.We observe that
the fluctuation in accuracy is relatively minor within a reasonable
range, suggesting that our model is robust to variations in the
number of dual-pathway transformer layers.
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Table 5: Impact of parameter 𝑝.

Dataset p = 0% p = 15% p = 40% p = 80%

PubMed 0.870 0.897 0.855 0.825
History 0.495 0.542 0.496 0.514

Table 6: Inference time compared to vanilla LLM and GOFA.

Sec / sample (s) Pubmed Cora Children History Photo Sports

Vicuna-7B-v1.5 2.33 2.20 2.56 1.69 1.90 2.38
GOFA 3.47 2.72 4.09 7.09 4.05 3.27

Ours 2.71 2.41 2.56 1.88 2.06 2.65

5.5.2 Impact of b. We investigate the impact of 𝑏, the absolute
magnitude of the initial and final biases in the modality-wise at-
tention bias function. Our observations indicate that introducing a
non-zero bias consistently outperforms the baseline (𝑏 = 0). The
performance generally peaks at a moderate𝑏 before converging to a
relatively lower value, which can be considered as a transition from
the linear version to the hard version. This confirms that enforcing
a structured transition from modality-specific processing in the
early layers to cross-modal fusion in the deeper layers is beneficial
for capturing effective representations.

5.5.3 Impact of p. We investigate the impact of the proportion of
samples subjected to text attribute perturbation 𝑝 . We observe that
introducing a moderate level of perturbation yields the highest ac-
curacy. Increasing 𝑝 to a large value (e.g., 80%) leads to performance
degradation.

5.6 Efficiency Analysis
Here, we compare the inference time of our approach with the
vanilla LLM backbone and GOFA. The results are presented in Ta-
ble 6. GOFA introduces substantial additional computational over-
head relative to the LLM backbone. This overhead mainly stems
from its encoder–decoder architecture and the intricate interleaving
between GNN and Transformer layers. In contrast, our proposed
MOBI integrates unimodal encoding and cross-modal interaction
into a unified decoder, which facilitates parallel computation. Con-
sequently, compared with the LLM backbone, our model incurs
only marginal additional cost, primarily due to the longer input
sequences introduced by the appended graph tokens.

6 Conclusion
This paper introduces MOBI, the first monolithic graph-language
model that achieves structure-grounded reasoning beyondmodality
interference. Unlike prevalent modular approaches that rely on ex-
ternal graph encoders, MOBI unifies graph encoding and language
decoding within a single Transformer backbone. Through three
key technical innovations including Dual-Pathway Transformer,
Progressive Interaction Scheduling, and Correlation-Guided At-
tribute Perturbation, MOBI achieves deep end-to-end fusion while
effectively managing modality interference. Extensive experiments
across diverse zero-shot settings demonstrate that MOBI consis-
tently outperforms state-of-the-art modular baselines, with ablation
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studies confirming the effectiveness of each design. Our findings
suggest that a unified, encoder-free architecture is viable to em-
power LLMs with structure-grounded reasoning capabilities. Future
work includes extending MOBI to zero-shot graph-level tasks and
adapting it to more challenging graph structures such as heteroge-
neous graphs and dynamic graphs.
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A Datasets
We summarize the basic statistics of the datasets in Table 7. Ci-
tation Networks: Arxiv [20] is a large-scale CS paper citation
network with 40 subject categories; Pubmed [18] is a biomedi-
cal citation network with 3 disease-related classes; Cora [52] is a
machine learning citation graph with 70 fine-grained categories
on the provided subset. E-commerce Graphs: Computer [58]
is a co-purchase graph of computer products with 10 categories;
Books-children and Books-History [58] are co-purchase graphs
of children’s and history books with 24 and 12 categories, respec-
tively; Photo and Sports [58] are co-purchase graphs of photog-
raphy and fitness products with 12 and 13 categories, respectively.
Web Link Graph: WikiCS [36] is a Wikipedia CS article graph
with 10 sub-fields. Social Networks: Instagram and Reddit [24]
are user interaction graphs with 2 classes each. For all datasets we
follow the split setting in TEA-GLM [47].

B Prompt Design
Each graph-language task in MOBI is formulated as a unified tex-
tual instruction comprising four components: (1) Graph Context
(<graph>) — the subgraph centered on the target node; (2) Tex-
tual Attributes ({{raw_text}}) — domain-specific text such as
titles, abstracts, or product reviews; (3) Task Question — a nat-
ural language query specifying the prediction objective; and (4)
Answer Candidates ({{label_names}}) — a closed-form label
set for constrained generation. A representative template is shown
below.

Table 7: Statistics of the datasets.

Domain Dataset Nodes Edges Classes

Citation
Arxiv [20] 169,343 1,166,243 40
Pubmed [18] 19,717 44,338 3
Cora [52] 25,120 91,140 70

E-commerce

Computer [58] 87,229 721,081 10
Books-children [58] 76,875 1,554,578 24
Books-History [58] 41,551 358,574 12
Photo [58] 48,362 500,928 12
Sports [58] 173,055 1,773,500 13

Web link WikiCS [36] 11,701 216,123 10

Social network Instagram [24] 11,339 144,010 2
Reddit [24] 33,434 198,438 2

Table 8: Key hyperparameters of MOBI.

Hyperparameter Value Range / Setting

Number of dual-pathway layers (𝐾 ) {2, 4, 6, 8, 10}
Bias magnitude (𝑏) {0, 1, 2, 3, 4}
Perturbation ratio (𝑝) {15%, 40%, 80%}
Training epochs 2
Learning rate 5 × 10−5
Batch size 16
Optimizer AdamW

Given a citation graph from arXiv Computer Science papers: <graph>
where the first node is the target paper, and other nodes are its one-hop
or multi-hop neighbors, with the following information: {{raw_text}}
Question: Which arXiv CS sub-category does this target paper belong
to? Please directly give the most likely answer from the following sub-
categories: {{label_names}}.

C Experimental Details
Software Configuration. We implement our method using Py-

Torch 2.8.0, PyG 2.5.0 and Transformers 4.57.2. For GraphGPT and
GOFA, we re-run their official implementations under our setting.
For ZeroG, we utilize the implementations provided in [55]. We
thank the authors for their reliable implementations.

Hyperparameter. Table 8 summarizes the key hyperparameters
used in MOBI training and evaluation.

D Overall Algorithm
Algorithm 1 presents the overall training and inference procedure
of MOBI, consolidating the three key components described in
Sections 4.

E Additional Experimental Results
E.1 Additional Results on Hallucination Rates
To further examine the factual consistency and structural grounding
of our approach, we compare the hallucination rates between the
baseline and our proposed model. As illustrated in Table 9, the
proposed model achieves pronounced reductions in hallucination
frequency on four out of six evaluation sets. These results indicate
that MOBI’s unified graph–language modeling coupled with dual-
pathway parameterization and progressive interaction scheduling
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Algorithm 1: Overall Process of MOBI
1 Input: Pretraining graph D𝑝𝑟𝑒 ;
2 Parameter: LLM with 𝐿 layers; number of dual-pathway

blocks 𝐾 ; modality-wise bias function 𝑏𝑐 (·); perturbation
ratio 𝑝 ;

3 Output: Predicted labels for downstream tasks;
4 // Preprocessing
5 Encode node attributes via sentence encoder;
6 Precompute graph LPE encodings and shortest-path

distances;
7 // Training on D𝑝𝑟𝑒

8 for each training step do
9 Apply correlation-guided attribute perturbation;

10 // Forward pass
11 for ℓ = 1, · · · , 𝐾 (dual-pathway blocks) do
12 Route tokens to separate pathways via Eq. (2-3), in

which attention score is computed via Eq. (1) and
Eq. (4);

13 for ℓ = 𝐾+1, · · · , 𝐿 (normal blocks) do
14 Apply standard transformer layer, in which

attention score is computed via Eq. (1);
15 Compute loss; update parameters;
16 // Predicting on D𝑑𝑜𝑤𝑛

17 Forward pass through MOBI (no perturbation);
18 return Decoded predictions;

Table 9: Comparison of hallucination rates between the base-
line model and the proposed model.

Model PubMed Cora-large Children History Photo Sports

Vicuna-7B-v1.5 0.0013 0.1061 0.0148 0.1332 0.0258 0.0343
MOBI 0.0003 0.0967 0.0368 0.0053 0.0110 0.0254

effectively curtails the generation of unsupported or semantically
inconsistent content. This capability is especially critical for zero-
shot cross-domain scenarios.

E.2 Performance with various LLM Backbones
Vicuna-7B was chosen as the default LLM for fair baseline com-
parisons. To verify the generalizability of our method, we evaluate
MOBI with two additional LLMs (Mistral-7B and Qwen3-8B). Fig-
ure 6a presents the results on Pubmed. Notably, while stronger
LLMs (Mistral, Qwen3) achieve higher baseline scores, MOBI main-
tains a significant performance margin in all cases. This demon-
strates that MOBI’s core advantages, i.e., superior structural under-
standing and mitigated modality interference, are orthogonal to
the capacity of the underlying LLM backbone.

E.3 Additional Efficiency Analysis
Parameter Efficiency. Anatural concernwithMOBI’s dual-pathway

design is whether it introduces significant parameter overhead. We
clarify that the graph pathway is restricted to only the first 𝐾 layers
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(default 𝐾 = 6) of the Transformer backbone. Compared to the en-
tire LLM backbone, this decoupling introduces only a small number
of additional parameters. Meanwhile, recent sota GFMs, such as
GOFA and UniGTE, employ an entirely separate transformer as an
external graph encoder. In contrast, our monolithic design com-
pletely eliminates the need for such heavyweight external modules,
utilizing fewer overall parameters (MOBI’s 7.91B vs. GOFA’s 9.62B).

Inference Efficiency. Figure 6b reports the inference time (sec-
onds) under varying input graph size. MOBI directly inputs node
embeddings as graph tokens, making inference time increase mar-
ginal. Conversely, GOFA scales poorly as it encodes raw text per
node.

E.4 Additional Results on Graph-level Tasks
To further demonstrate the versatility of MOBI, we extend our
evaluation to graph-level tasks. By simply adapting the instruction
template, MOBI can be seamlessly applied to graph classification.
We conduct experiments on three widely used molecular graph
classification benchmarks: BBBP, BACE, and HIV, under a super-
vised setting. We compare MOBI against the fine-tuned pure LLM
baseline, which takes SMILES strings as input without access to
explicit graph structure.

As shown in Table 10, MOBI consistently outperforms the fine-
tuned pure LLM baseline across all three benchmarks. This demon-
strates that MOBI successfully captures graph-level topological
information that pure LLMs struggle to learn from SMILES strings
alone. We leave large-scale zero-shot evaluation on graph-level
tasks and Graph Question Answering (GraphQA) for future work.

Table 10: Graph classification results (ROC-AUC).

Model BBBP BACE HIV

Vicuna-7B-v1.5 0.577 0.561 0.641
MOBI 0.632 0.638 0.703
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