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Abstract

Vision-language models (VLMs) provide a uni-
fied representation space for textual and vi-
sual information, yet their potential as general-
purpose backbones for graph-structured data
remains largely unexplored. In practice, at-
tributed graphs exhibit substantial modality
heterogeneity: some graphs contain only tex-
tual node attributes, others only visual at-
tributes, while still others provide both. Ex-
isting graph learning approaches are typically
designed for fixed modality schemas, requir-
ing separate models for different settings and
limiting scalability and cross-graph generaliza-
tion. To bridge this gap, we present OMG-
VLM (One Model, Many Graphs with Vision-
Language Models), a unified framework for
learning over attributed graphs across hetero-
geneous modality schemas. OMG-VLM lever-
ages a pretrained VLM as a shared backbone
and introduces structure-aware graph adapters
that integrate neighborhood information while
remaining compatible with the VLM’s native
embedding space. This design enables effective
learning over text-attributed, image-attributed,
and multimodal-attributed graphs within a sin-
gle model. Extensive experiments across di-
verse domains show that OMG-VLM consis-
tently outperforms state-of-the-art GNN- and
LLM-based baselines on attributed graph learn-
ing tasks such as node classification and link
prediction, while exhibiting strong general-
ization to unseen graphs and varying modal-
ity schemas. The source code is available at
https://github.com/Jo-eyang/OMG-VLM.

1 Introduction

Attributed graph learning is a fundamental problem
in data mining and machine learning, with applica-
tions in social networks, e-commerce platforms, ci-
tation graphs, and knowledge-centric systems (Kipf
and Welling, 2017; Hamilton et al., 2017; Hu et al.,
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Figure 1: Heterogeneous modalities over attributed
graphs. Prior methods target TAGs or MAGs, while
OMG-VLM handles heterogeneous modality schemas.
Bars compare OMG-VLM with representative baselines
on IAG (RedditS), TAG (arXiv), and MAG (Arts).

2020; Veličković et al., 2018). In these settings,
node attributes provide semantic signals beyond
graph topology, enabling models to reason jointly
over structure and content. However, attribute
modalities vary substantially across domains: some
graphs contain textual attributes, such as titles or
abstracts in citation networks; others contain vi-
sual attributes, such as product or user images;
and some combine multiple modalities (Wei et al.,
2019; Wang et al., 2023; He and McAuley, 2016;
Ning et al., 2025). This modality heterogeneity
reflects real-world data collection processes, where
available attributes depend on domain-specific con-
straints. Developing models that can operate across
such heterogeneous attributed graphs is therefore
an important yet underexplored challenge.

Existing graph learning methods are largely built
around fixed modality assumptions. GNNs typ-
ically operate on predefined feature vectors and
require modality-specific encoders to convert raw
attributes into numeric representations (Kipf and
Welling, 2017; Veličković et al., 2018; Yan et al.,
2023; He et al., 2024; Zolnai-Lucas et al., 2024).
This often leads to separate architectures or pre-
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processing pipelines for text-attributed, image-
attributed, and multimodal graphs, limiting reuse
and cross-graph generalization. Recent LLM-based
graph methods provide more flexibility for text-
attributed graphs by incorporating neighborhood
information through prompting or in-context learn-
ing (Lv et al., 2025; Tang et al., 2024; Chen et al.,
2024a; He et al., 2025a). However, they remain
text-centric and typically rely on external vision
encoders for visual attributes (Fan et al., 2026; Yan
et al., 2025; He et al., 2025a), which limits their
ability to support image-only or heterogeneous mul-
timodal graphs within a unified model.

To address this gap, we study attributed graph
learning under modality heterogeneity through
the lens of VLMs. Pretrained VLMs provide a
shared representation space for textual and visual
information (Bai et al., 2023; Liu et al., 2023), mak-
ing them a natural foundation for unified learn-
ing across text-attributed, image-attributed, and
multimodal-attributed graphs. Instead of relying on
separate modality-specific encoders, we investigate
whether a single VLM-based model can serve as a
shared backbone across heterogeneous attributed
graphs. Such a model can reduce the need for sep-
arate architectures, support transfer across graphs
with different attribute schemas, and improve scal-
ability in real-world settings where modality avail-
ability varies across domains, as motivated in Fig-
ure 1.

However, applying VLMs to heterogeneous
attributed graphs remains challenging. First,
graph neighborhoods introduce variable-sized and
structure-dependent context that does not naturally
fit the sequential input format of VLMs, making
naïve neighborhood injection inefficient and prone
to noise (Chen et al., 2023). Second, graph-derived
information must be integrated in a way that is
compatible with the VLM’s native textual and vi-
sual processing pipeline. External encoders or mis-
matched representation spaces may introduce ad-
ditional gaps, making unified multimodal graph
learning more difficult (Shu et al., 2025).

We propose OMG-VLM (One Model, Many
Graphs with Vision-Language Models), a unified
framework for attributed graph learning across het-
erogeneous modality schemas. OMG-VLM uses
a pretrained VLM as a shared backbone and in-
troduces structure-aware graph adapters to inject
neighborhood information while remaining native
to the VLM’s embedding space. It further employs
modality-specific but backbone-native mechanisms

to incorporate textual and visual neighborhoods, to-
gether with a co-optimization strategy that enables
effective adaptation to graph-structured inputs. Our
contributions are summarized as follows:
• We study unified attributed graph learn-

ing under heterogeneous modality schemas,
where a single model operates across text-
attributed, image-attributed, and multimodal-
attributed graphs. This setting reflects realistic
deployment scenarios in which different graphs
expose different attribute modalities, while exist-
ing methods typically rely on modality-specific
designs, only handling graphs with a specific
modality schema. To the best of our knowledge,
this is the first work to systematically study this
problem from a VLM perspective.

• We propose OMG-VLM, a unified VLM-based
framework for attributed graph learning across
heterogeneous modality schemas. OMG-VLM
introduces structure-aware graph adapters that
incorporate neighborhood information compati-
ble with the VLM’s native representation space,
enabling end-to-end learning across graphs with
different modality configurations.

• Through extensive experiments on node classifi-
cation and link prediction across diverse domains
and modality schemas, we show that OMG-VLM
consistently outperforms state-of-the-art GNN-
and LLM-based baselines. It also demonstrates
strong generalization capabilities across various
domains and modality schemas, supporting the
effectiveness of VLMs as unified backbones for
attributed graph learning.

2 Related Works

Text-Attributed Graph (TAG) Learning. GNNs,
including GCN (Kipf and Welling, 2017), Graph-
SAGE (Hamilton et al., 2017), and RevGAT (Li
et al., 2021), are widely used for node- and link-
level prediction via neighborhood propagation. For
TAGs, prior work commonly encodes node texts
with pretrained language models and then applies
graph propagation (He et al., 2025a, 2024; Chen
et al., 2024b; Wang et al., 2025; Yan et al., 2023).
Recent LLM-based methods instead serialize graph
neighborhoods and structural information into tex-
tual prompts for generative graph reasoning (Chen
et al., 2024a; Tang et al., 2024; Lv et al., 2025;
Sun et al., 2025; Zhang et al., 2024; Sun et al.,
2026a). Beyond prompting, hybrid approaches
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Figure 2: Overview of the OMG-VLM framework. OMG-VLM uses a pretrained VLM as a shared backbone
for reasoning over attributed graphs with heterogeneous modality schemas. Textual and visual neighborhoods are
incorporated via Target-Aware Textual Aggregation and Graph-Aware Visual Representation Learning, enabling a
single model to handle TAGs, IAGs, and MAGs within a shared embedding space.

combine language and graph models. For example,
SSTAG (Liu et al., 2025) co-distills LLM and GNN
knowledge into structure-aware MLPs for scalable
TAG learning. However, these methods remain
text-centric and are not designed for non-textual
node attributes.
Multimodal Attributed Graph (MAG) Learn-
ing. MAG learning extends TAGs by incorpo-
rating both textual and visual node attributes, re-
quiring models to jointly capture multimodal fea-
tures and graph structure (Yan et al., 2025). Early
methods are largely GNN-based and often target
domain-specific applications such as recommen-
dation (Wei et al., 2019; Wang et al., 2023). Re-
cent work leverages multimodal encoders such as
CLIP (Radford et al., 2021) for multimodal at-
tributed graph reasoning (Zhu et al., 2025; Liu
et al., 2026; Ning et al., 2025; Yan et al., 2025;
Sun et al., 2026b). UniGraph2 (He et al., 2025b)
converts modality-specific features into unified low-
dimensional node embeddings through modality
alignment and graph propagation, with downstream
tasks handled by separate predictors. It therefore fo-
cuses on representation-level rather than prediction-
level unification. MLaGA (Fan et al., 2026) and
Graph4MM (Ning et al., 2025) instead integrate
multimodal features through external encoders and
fusion modules. Although effective for MAGs,
these methods primarily target fully multimodal
schemas. A single generative model operating
across TAGs, IAGs, and MAGs through one pre-
diction interface remains underexplored.
Vision-Language Models (VLMs). VLMs align

visual and textual representations through multi-
modal pretraining and instruction tuning, enabling
strong visual understanding and language reason-
ing (Li et al., 2023; Liu et al., 2023; Bai et al.,
2023). However, they are not designed to process
graph-structured context natively. GraphVLM (Liu
et al., 2026) applies VLMs to graphs by serializ-
ing nodes, edges, or structural descriptions into
prompts. While promising, this prompt-based lin-
earization is constrained by input length and pri-
marily targets fully multimodal attributed graphs.

3 Problem Statement

Attributed Graph Learning with Heterogeneous
Modality Schemas. We are given a collec-
tion of attributed graphs {Gm = (Vm, Em)}Km=1,
where different graphs may follow different modal-
ity schemas. We consider three common cases:
(1) text-attributed graphs (TAGs), where nodes
are associated with textual attributes; (2) image-
attributed graphs (IAGs), where nodes are asso-
ciated with visual attributes; and (3) multimodal-
attributed graphs (MAGs), where nodes are associ-
ated with both textual and visual attributes.

For a node v ∈ Vm, let Tv and Iv denote its tex-
tual and visual attributes. Either modality may be
absent depending on the graph schema. We denote
the available modality set of v as Av ⊆ {Tv, Iv}.
Similarly, let N (v) denote the neighborhood of
v. We define NT (v) and NI(v) as the available
respective textual and visual attributes associated
with neighbors in N (v), depending on availability.
Learning Objective. We study generative reason-
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ing on attributed graphs with heterogeneous modal-
ity schemas. Given a target node v, its available
attributes Av, its modality-specific neighborhood
context NT (v) and NI(v), and a task instruction P ,
the goal is to learn a unified model that generates
the target sequence Y under a shared conditional
generation objective:

L(Θ) = logP
(
Y | Av,NT (v),NI(v),P; Θ

)
, (1)

where Θ denotes the model parameters. In this pa-
per, we focus on two representative graph reasoning
tasks: node classification and link prediction. For
node classification, the query is a target node v and
Y denotes its label. For link prediction, the query
is a node pair (vi, vj) and Y denotes whether an
edge exists between them.

4 Methodology

We introduce OMG-VLM, a generative framework
for reasoning over attributed graphs with heteroge-
neous modality schemas. We first formulate graph
reasoning as generative modeling (Sec. 4.1), then
present two graph adapters for incorporating neigh-
borhood context: Target-Aware Textual Aggrega-
tion (Sec. 4.2) and Graph-Aware Visual Represen-
tation Learning (Sec. 4.3). Finally, we describe a
unified training objective for optimizing these mod-
ules within the shared VLM backbone (Sec. 4.4).

4.1 Overview

OMG-VLM builds graph reasoning on top of a
pretrained VLM with parameters Θ. The key
idea is to represent heterogeneous graph con-
text as a sequence of VLM-compatible tokens,
so that attributed graphs with different modal-
ity schemas can be handled by the same gener-
ative backbone. Rather than introducing sepa-
rate modality encoders and then aligning them
with the VLM, OMG-VLM operates directly in
the VLM’s native multimodal embedding space.
Textual and visual node attributes, together with
their modality-specific neighborhoods, are first
transformed into compact token representations by
graph adapters and then concatenated with the task
instruction. Unlike embedding-level unification fol-
lowed by separate downstream predictors, OMG-
VLM maps modality-specific neighborhoods into
the VLM’s native token space and decodes predic-
tions through one generative backbone and output
interface across TAGs, IAGs, and MAGs. Because
the adapters produce VLM-compatible token se-

quences, the model preserves target-relevant tex-
tual evidence and patch-level visual information
without compressing all graph context into a single
generic node vector.

Given a target node v, OMG-VLM constructs
the input sequence Xv as

Xv = ΦT (Tv,NT (v)) ∥ ΦI(Iv,NI(v))︸ ︷︷ ︸
graph context

∥ EP︸︷︷︸
instruction

, (2)

where EP = Embed(P). Here, ΦT and ΦI de-
note the textual and visual graph adapters, which
map modality-specific node attributes and neigh-
borhood context into compact token sequences
compatible with the VLM backbone. If a modality
is unavailable for a given graph, the corresponding
adapter output is omitted. This design allows the
same model to process graphs with heterogeneous
modality schemas under a unified input format, as
illustrated in Figure 2.

Conditioned on Xv, the VLM generates the tar-
get output sequence autoregressively:

P (Y | G,P) =

|Y |∏

t=1

PVLM

(
yt | y<t,Xv; Θ

)
. (3)

By converting graph-derived textual and visual
context into native VLM token representations,
OMG-VLM avoids explicit cross-modal realign-
ment while preserving the pretrained multimodal
interface of the backbone. The following sections
describe how ΦT and ΦI aggregate textual and
visual neighborhoods, respectively, before jointly
optimizing them with the generative objective.

4.2 Target-Aware Textual Aggregation

Textual neighbors provide useful graph context, but
their relevance to the target node varies. Existing
methods typically encode neighborhood text with
external encoders or concatenate it into the input
(Liu et al., 2026; Chen et al., 2024a; Fan et al.,
2026). For VLM backbones, however, external
encoders require additional cross-modal alignment,
while concatenation yields noisy and inefficient
inputs. OMG-VLM instead incorporates textual
graph context through an adapter built on top of the
VLM’s own textual representations, reducing the
need for explicit cross-space alignment.

We introduce Target-Aware Textual Aggregation
ΦT , which performs target-conditioned token-level
retrieval over textual neighbors.
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Shared Embedding Initialization. The target text
and textual neighbor attributes are embedded using
the token embedding matrix of the pretrained VLM.
Given the target text Tv, its token embeddings are:

ET
v = Embed

(
Tokenizer(Tv)

)
∈ RLT

v ×d, (4)

where LT
v is the target text length and d is the hid-

den dimension of the backbone VLM.
For textual neighbors NT (v), we concatenate all

token embeddings into a textual neighbor bank:

BT
v =

∥∥∥
u∈NT (v)

Embed
(
Tokenizer(Tu)

)
∈ RLT

N×d, (5)

where LT
N is the number of textual neighbor tokens.

Target-Aware Query Generation. Since the VLM
tokenizer lacks an explicit pooling token such as
[CLS] (Bai et al., 2023; Devlin et al., 2019), we in-
troduce MT learnable query tokens QT ∈ RMT×d

as adaptive semantic probes. We concatenate them
with the target text embeddings and apply a RoPE-
aware self-attention block (Su et al., 2024):

HT
v = AttnRoPE

(
ET

v ∥QT

)
. (6)

The final MT tokens are used as target-conditioned
textual queries, which summarize multiple seman-
tic aspects of the center node:

Q̂T
v = HT

v [−MT :, :] ∈ RMT×d. (7)

Target-Conditioned Neighbor Retrieval. Given
Q̂T

v , we retrieve informative textual neighborhood
content through multi-head cross-attention:

ZT
v = MHCA

(
Q̂T

v ,B
T
v ,B

T
v

)
∈ RMT×d. (8)

This relevance-based retrieval preserves fine-
grained neighborhood information, avoiding the
uniform averaging in static pooling strategies.

The final textual adapter output is:

ΦT (Tv,NT (v)) = XT
v = ET

v ∥ET
sep∥ZT

v , (9)

where ET
sep is a delimiter embedding acting as a

text bridge, e.g., ”Neighbor Text Information:”.

4.3 Graph-Aware Visual Representation
Learning

Visual neighborhoods pose a distinct challenge
for graph reasoning. Each image is represented
as patch tokens, so directly incorporating K vi-
sual neighbors yields KLI tokens, where LI is
the patch sequence length per image. Aggregating

these high-dimensional, spatially redundant tokens
can dilute salient cues and incur substantial compu-
tational overhead during inference.

To address this challenge, we introduce a Graph-
Aware Visual Adapter ΦI with two stages: (i)
per-neighbor visual compression and (ii) center-
conditioned visual aggregation.
Native Feature Extraction. We first extract visual
features using the VLM’s frozen visual encoder. In
modern VLMs, a Vision Transformer (ViT) serves
as the inherent visual encoder that maps raw im-
ages into visual token sequences (Dosovitskiy et al.,
2021; Bai et al., 2023). For the target node v and
each visual neighbor u ∈ NI(v):

EI
u = ViT(Iu) ∈ RLI×d, u ∈ {v} ∪ NI(v), (10)

where LI is the number of visual tokens and d is
the hidden dimension of the backbone VLM. The
target visual tokens EI

v serve as the reference for
visual neighborhood aggregation.
Per-Neighbor Compression. Each visual neigh-
bor is compressed into MI tokens using learnable
visual queries QI ∈ RMI×d:

CI
u = MHCA

(
QI ,E

I
u,E

I
u

)
, u ∈ NI(v). (11)

Here, CI
u ∈ RMI×d and MI ≪ LI , reducing the

visual context from |NI(v)|LI to |NI(v)|MI to-
kens, while enabling adaptive selection of informa-
tive visual regions.

The compressed visual neighbor tokens are con-
catenated into a visual context bank:

BI
v =

∥∥∥
u∈NI(v)

CI
u ∈ R|NI(v)|MI×d. (12)

Center-Conditioned Visual Aggregation. OMG-
VLM integrates visual neighborhood information
by refining the target visual tokens in place. At
layer ℓ, the target visual tokens attend to the com-
pressed visual context bank:

HI,(ℓ+1)
v = FFN

(
MHCA

(
HI,(ℓ)

v ,BI
v,B

I
v

)
+HI,(ℓ)

v

)

with H
I,(0)
v = EI

v.
After L aggregation layers, the resulting graph-

aware visual representation is:

ΦI(Iv,NI(v)) = XI
v = HI,(L)

v . (13)

The refined tokens preserve the original visual to-
ken length, allowing direct substitution into the
VLM input sequence without increasing down-
stream sequence length.
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4.4 Co-Optimization on Attributed Graphs
with Heterogeneous Modality Schemas

A key advantage of leveraging a pretrained VLM
is that textual and visual inputs are mapped into a
shared embedding space by the backbone tokenizer
and visual encoder. This unified representation re-
duces the need for explicit cross-modal alignment,
which is often required in LLM-based graph meth-
ods for TAGs or MAGs. OMG-VLM therefore
supports joint optimization while preserving pre-
trained multimodal representations.
Training Strategy. We jointly optimize the
LoRA-adapted VLM parameters and the two graph
adapters, while keeping the remaining backbone
parameters frozen. This adapts the VLM to graph-
structured inputs while preserving its native visual
encoder and tokenizer.

Training uses a heterogeneous collection of at-
tributed graphs, including TAGs, IAGs, and MAGs,
across multiple domains and graph reasoning tasks.
This exposes OMG-VLM to diverse modality
schemas, encouraging structure-aware reasoning
that generalizes beyond a single modality schema.

Let D be training set, where each example is:

z = (v, Tv, Iv,NT (v),NI(v),P, Y ). (14)

The input sequence Xv is constructed by Eq. 2 ac-
cording to the modalities available in each example.
The model maximizes:

L(Θ) = Ez∼D




|Y |∑

t=1

logPVLM

(
yt | y<t,Xv; Θ

)

 . (15)

All trainable components are updated jointly via
backpropagation, allowing neighborhood retrieval,
aggregation, and generation to co-adapt during op-
timization. This enables OMG-VLM to operate as
a single model across attributed graphs with hetero-
geneous modality schemas.

5 Experiments

We conduct experiments to address the following
four research questions (RQs):
RQ1: How does OMG-VLM compare with graph
reasoning baselines on in-domain tasks?
RQ2: How well does OMG-VLM generalize to
unseen graphs under transfer settings?
RQ3: How much do the textual adapter, visual
adapter, and co-optimization strategy contribute?
RQ4: How sensitive is OMG-VLM to key hyper-
parameters for graph context modeling?

5.1 Experiment Setup

Datasets. We evaluate OMG-VLM on four pri-
mary datasets across e-commerce, citation, and
social networks. For node classification, we use
MAG Amazon-Arts (Majumder et al., 2020; He and
McAuley, 2016) and TAG ogbn-arXiv (Hu et al.,
2020); for link prediction, we use MAG Amazon-
Movies and IAG RedditS (Hamilton et al., 2017).

To assess cross-graph generalization, we fur-
ther evaluate all models on held-out graphs unseen
during training: TAG PubMed (He et al., 2024),
TAG Cora (McCallum et al., 2000), MAG Red-
ditM (Hamilton et al., 2017), and MAGs Amazon-
VideoGames and Amazon-CDs (Majumder et al.,
2020; He and McAuley, 2016). We mark node
classification and link prediction datasets with su-
perscripts NC and LP, respectively. Dataset statistics
are reported in Appendix A, and prompt templates
are shown in Appendix F.
Baselines. We compare OMG-VLM with five
categories of baselines: MLP (Rosenblatt, 1958);
GNN-based methods, including GCN (Kipf and
Welling, 2017), GraphSAGE (Hamilton et al.,
2017), RevGAT (Li et al., 2021), and UniGraph2
(He et al., 2025b); text-only LLM-based methods,
including LLaGA (Chen et al., 2024a) and Graph-
Prompter (Lv et al., 2025); multimodal LLM-based
methods, including MLaGA (Fan et al., 2026) and
Graph4MM (Ning et al., 2025); and VLM-based
prompting methods, such as GraphVLM (Liu et al.,
2026). We follow standard training and evaluation
protocols for all baselines (Chen et al., 2024a; Lv
et al., 2025; Fan et al., 2026; Ning et al., 2025; Liu
et al., 2026).
Evaluation Metric. Following prior work (Chen
et al., 2024a; Fan et al., 2026; Liu et al., 2026), we
use accuracy as the primary metric for all graph
reasoning tasks. We also report additional Macro-
F1 results in Appendix C.3.

5.2 Overall Comparison (RQ1 and RQ2)

We evaluate OMG-VLM under in-domain and
transfer settings to assess (i) in-domain effective-
ness and (ii) cross-graph generalization across het-
erogeneous modality schemas.
In-Domain Performance (RQ1). 1⃝ OMG-VLM
achieves the best performance on all in-domain
benchmarks across TAG, IAG, and MAG settings.
As shown in Table 1, OMG-VLM ranks first on
all four training graphs. On TAG arXivNC, it
achieves the highest accuracy, 67.85 (+3.26 over
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Category Model In-Domain Transfer Overall

ArtsNC arXivNC
† MoviesLP RedditSLP

⋄ Avg. PubMedNC
† CDsNC RedditMLP VideoGamesLP CoraLP

† Avg. Avg.

MLP MLP 73.75 64.59 59.42 56.25 63.50 37.96 1.42 55.20 50.12 50.90 39.12 49.96

GNNs & GCN 63.95 58.71 52.38 49.77 56.20 20.79 10.79 51.05 50.61 50.00 36.65 45.34
GNN-based RevGAT 71.89 62.15 49.54 49.77 58.34 40.26 3.54 50.25 50.08 50.00 38.83 47.50

GraphSAGE 74.77 62.78 52.22 49.87 59.91 42.77 3.67 50.80 52.99 50.30 40.11 48.91
UniGraph2 78.87 41.26 91.51 78.85 72.62 38.40 10.83 62.35 54.41 51.10 43.42 56.40

LLM-based LLaGA 88.74 63.70 53.27 – 68.57 1.65 4.14 51.60 57.98 0.70 23.21 40.22
GraphPrompter 83.21 56.28 63.82 – 67.77 56.92 30.71 44.65 70.30 50.00 50.52 56.99

LLM w/ MLaGA 89.63 – 76.20 90.10 85.31 – 31.10 64.30 58.46 – 51.29 68.30
Ext. Enc. Graph4MM 84.05 52.75 88.45 – 75.08 25.95 10.25 72.30 59.40 14.90 36.56 51.01

VLM-based GraphVLM 82.55 63.99 50.74 55.70 63.25 72.13 29.47 57.35 48.73 50.20 51.58 56.76
OMG-VLM 92.50 67.85 95.30 99.10 88.69 78.55 32.56 92.45 77.99 51.80 66.67 76.46

Table 1: Main results under in-domain and transfer settings. In-domain results are evaluated on the four training
graphs, while transfer results are evaluated on unseen graphs. Subscripts † and ⋄ denote TAG and IAG datasets,
respectively; all remaining datasets are MAGs. Bold and underline indicate the best and second-best results. –
indicates that a model cannot process the dataset due to architectural constraints. Additional baseline implementation
details and differences from originally reported results are discussed in Appendix C.

the best baseline), indicating effective use of se-
mantic neighborhood information. The same trend
holds on IAG RedditS, showing effectiveness over
visual neighborhoods. Gains are especially pro-
nounced on MAGs: OMG-VLM reaches 92.50 on
ArtsNC, outperforming the strongest LLM-based
baseline LLaGA (88.74) by +3.76 points, and
achieves 95.30 on MoviesLP, exceeding UniGraph2
(91.51) by +3.79 points.

Transfer Performance (RQ2). 2⃝ OMG-VLM
generalizes effectively to unseen graphs with
strong performance across modality schemas.
Without dataset-specific fine-tuning, OMG-VLM
achieves the best results on most transfer bench-
marks. It improves over the strongest baseline by
+6.42 points on TAG PubMedNC and up to +20.15
points on MAG RedditMLP, with consistent gains
on all other transfer datasets. The main transfer
benchmarks span TAG and MAG settings, while
Appendix C.4 additionally evaluates a naturally
image-attributed graph, where OMG-VLM outper-
forms the evaluated baselines. In addition, no base-
line consistently ranks second to OMG-VLM in
more than three settings. Additional three-seed re-
sults for datasets with smaller performance margins
are reported in Appendix C.5.

Overall, OMG-VLM achieves strong in-domain
performance and effective transfer to unseen
graphs, demonstrating the effectiveness of unified
multimodal graph representation learning under
heterogeneous modality schemas.

5.3 Ablation Studies (RQ3)

In this section, we ablate the proposed aggregation
modules and training paradigm.
Effectiveness of Graph Adapters for Neighbor
Aggregation. We compare the full model with
variants that replace (i) textual adapter, (ii) visual
adapter, or (iii) both adapters with mean pooling or
center-query-conditioned attention pooling, while
keeping other components unchanged. Results are
detailed in Appendix Table 8.

3⃝ Modality-specific graph adapters are crucial
for neighborhood aggregation. Replacing both
adapters consistently degrades performance. On
MoviesLP, mean and attention pooling reduce ac-
curacy by 4.55 and 21.49 points, respectively; on
RedditSLP, both variants incur drops over 22 points.
Replacing only the visual adapter also severely
hurts IAGs, reducing RedditSLP by 22.85 and 24.15
points under mean and attention pooling. Replac-
ing the textual adapter lowers performance by up
to 19.30 points on PubMedNC and 6.22 points on
CDsNC. These results show that simple pooling,
even with center-query attention, cannot replace
the proposed modality-specific adapters.
Per-Neighbor Compression in Image Aggrega-
tion. To evaluate per-neighbor compression, we
compare OMG-VLM with and without compres-
sion under varying neighborhood sizes, measuring
both accuracy and computational cost.

4⃝ Per-neighbor compression improves effi-
ciency while preserving performance. As shown
in Appendix Table 9, compressed and uncom-
pressed variants achieve comparable accuracy
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across datasets and modality settings, with dif-
ferences typically within 1–2 points (e.g., 91.17–
91.88 vs. 91.20–92.16 on ArtsNC; Figure 4).
Meanwhile, Figure 5 shows that compression re-
duces FLOPs by approximately 75% across neigh-
borhood sizes, from 10.74B–107.37B to 2.68B–
26.84B. These results show that per-neighbor com-
pression enables scalable visual neighborhood ag-
gregation with little performance loss.
End-to-End Co-Optimization vs. Staged Train-
ing. We compare end-to-end co-optimization,
which jointly optimizes all trainable components,
with a two-stage strategy that separates adapter
pretraining from structure-aware tuning. Results
are shown in Appendix Table 10. We exclude
full-parameter fine-tuning due to its substantially
higher memory cost, which is infeasible under our
hardware setup and less practical than parameter-
efficient adaptation (Bai et al., 2023).

5⃝ End-to-end co-optimization matches or out-
performs two-stage training on most datasets
while simplifying optimization. Co-optimization
performs better on 7 of 9 benchmarks, with gains of
+1.33 on MoviesLP, +2.16 on RedditSLP, and +6.75
on RedditMLP (Figure 6). It also reduces training
time by 17.54% (81.05 → 66.83 hours). These
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results suggest that a unified objective improves
co-adaptation between neighborhood modeling and
reasoning while avoiding staged training schedules.

5.4 Sensitivity Analysis (RQ4)

Injected Text Neighborhood Token Length. 6⃝
OMG-VLM is stable across different aggregated
text token lengths. Table 11 of Appendix shows
that accuracy varies slightly across MT , typically
within 2 points. Increasing MT from 1 to 8 im-
proves performance on several datasets, such as
MoviesLP (94.70 → 95.30) and RedditMLP (79.10
→ 92.45), while larger values do not consistently
help. We set MT=8 by default, balancing perfor-
mance with compact textual context.
Per-Neighbor Image Token Length. We study
sensitivity to the number of compressed visual to-
kens per neighbor MI , which controls the visual
information retained before aggregation.

7⃝ Moderate compression preserves perfor-
mance, while larger token budgets provide lim-
ited gains. As shown in Table 11, accuracy re-
mains stable across MI . For example, ArtsNC stays
within 92.36–92.85, MoviesLP varies by less than
0.5 points, suggesting that compact visual sum-
maries preserve key cues for graph reasoning. Ag-
gressive compression (MI=8) can remove useful
detail, while increasing to MI=64 does not consis-
tently improve results. We therefore set MI=32
by default to keep visual context compact while
maintaining strong performance.
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Number of Aggregated Neighbors. 8⃝ OMG-
VLM is stable across neighborhood sizes. Ta-
ble 11 shows that accuracy remains relatively stable
across K. In many cases, K=10 already achieves
the best or near-best performance, e.g., ArtsNC ob-
tains 92.50 at K=10 vs. 91.17 at K=40, indicat-
ing that a small neighborhood captures most useful
structural signals. Larger neighborhoods can occa-
sionally improve transfer performance, e.g., CoraLP

improves from 51.80 to 61.90 at K=70, but such
gains are not consistent. We set K=10 by default
for efficient neighborhood aggregation.

6 Conclusion

We study attributed graph reasoning under het-
erogeneous modality schemas, which covers text-,
image-, and multimodal-attributed graphs. We pro-
pose OMG-VLM, a unified framework that uses
a pretrained VLM as a shared backbone and in-
corporates neighborhood context through structure-
aware graph adapters compatible with the backbone
embedding space. Experiments on node classifica-
tion and link prediction across domains and modal-
ity schemas show that OMG-VLM consistently
outperforms representative baselines and general-
izes well to unseen graphs. Ablations further vali-
date the proposed aggregation modules and training
strategy. Overall, our results show that VLMs pro-
vide a strong foundation for unified attributed graph
learning under heterogeneous modality schemas,
and we hope this work encourages further explo-
ration of VLM-based graph reasoning.

Limitations

OMG-VLM studies unified reasoning over at-
tributed graphs with heterogeneous textual or vi-
sual information. Although this provides a gen-
eral framework for handling different modality
schemas, the current work focuses on static graph
reasoning tasks under a standard supervised learn-
ing setting. It does not yet consider more interactive
paradigms, such as agent-based graph reasoning,
where models may dynamically decide how to ac-
cess, query, or use graph information. Exploring
such interactive extensions remains an important
direction for future work.
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Setting Dataset #Train #Test Domain Mod. Task Label space Relation / target

In-domain Amazon-Arts 16,917 5,639 Products MAG NC 7 arts-and-crafts categories (e.g., Knitting &
Crochet, Beading & Jewelry Making)

Co-purchase / product category

ogbn-arXiv 15,545 47,416 Citation TAG NC 40 CS subject areas (e.g., cs.AI, cs.CL, cs.CV) Paper citation / subject area
Amazon-Movies 10,000 3,169 Products MAG LP yes / no Co-purchase / edge existence
RedditS 6,000 1,991 Social media IAG LP yes / no Post interaction / edge existence

Transfer PubMed – 3,944 Citation TAG NC 3 diabetes categories (Type 1, Type 2,
Experimentally Induced)

Paper citation / diabetes category

Amazon-CDs – 7,255 Products MAG NC 15 music categories (e.g., Jazz, Pop, Blues) Co-purchase / product category
RedditM – 2,000 Social media MAG LP yes / no Post interaction / edge existence
Amazon-VideoGames – 2,608 Products MAG LP yes / no Co-purchase / edge existence
Cora – 1,000 Citation TAG LP yes / no Paper citation / edge existence

Table 2: Dataset details for in-domain and transfer evaluation. Entries in the final column are formatted as graph
relation / prediction target. RedditS is treated as an IAG by omitting its textual attributes.

TAGs, IAGs, and MAGs and covers both node clas-
sification and link prediction.

All transfer datasets are excluded from train-
ing and evaluated without target-dataset fine-
tuning. Accordingly, our primary transfer claim
concerns cross-graph generalization. Individual
datasets additionally test transfer to unseen label
spaces, modality-schema shifts, or previously un-
seen modality-task combinations. For node classifi-
cation, PubMed and CDs test zero-shot transfer to
unseen graphs and label spaces. PubMed addition-
ally introduces a scientific-domain shift, while CDs
introduces a product-subdomain shift. For link pre-
diction, the binary task remains unchanged across
datasets. VideoGames tests graph and product-
subdomain transfer, RedditM introduces an IAG-
to-MAG schema shift relative to RedditS, and Cora
introduces an unseen TAG-LP combination.

We use the official dataset splits where available,
together with the sampling protocol described be-
low. For link prediction, we sample positive edges
from the corresponding split and pair them with
an equal number of negative edges for training or
evaluation. All datasets, pretrained models, and
baseline implementations used in this work are
publicly available research artifacts, and the asso-
ciated textual data are in English. We use these
artifacts only for research evaluation, follow their
standard research-use settings, and adopt protocols
consistent with prior work on graph reasoning and
multimodal attributed graph learning (Chen et al.,
2024a; Fan et al., 2026; Liu et al., 2026).

To enable balanced mixed training across tasks,
domains, and modality schemas, we downsample
selected training graphs to a comparable scale. In
particular, we reduce the ogbn-arXiv training split
from 101,606 to 15,545 nodes to prevent it from
dominating mixed training. Consequently, baseline
results reproduced under our unified protocol may

differ from originally reported results, which are
often obtained under dataset-specific settings. We
discuss these differences in Appendix C.

B Training Setup and Neighbor Sampling

OMG-VLM is trained for 3 epochs, where the vi-
sual encoder is frozen, while the VLM transformer
backbone is adapted using LoRA (Hu et al., 2022).
We optimize OMG-VLM with AdamW, using a
learning rate of 1 × 10−5, weight decay of 0.1,
β2 = 0.95, a warmup ratio of 0.01, and a cosine
learning-rate scheduler. For LoRA adaptation, we
use a rank of r = 64, a scaling factor of α = 16,
and a dropout rate of 0.05. LoRA is applied to
the attention projection modules and feed-forward
layers of the VLM backbone.

For neighborhood construction of OMG-VLM,
we select neighbors from predefined graph edges
for both training and evaluation. Following prior
graph-based multimodal learning protocols (Ning
et al., 2025), we randomly sample available 1-hop
neighbors up to the neighborhood budget. If capac-
ity remains, we sample 2-hop neighbors and con-
tinue to higher hops until the budget is filled. For
baselines, we follow the neighborhood construction
or sampling strategy specified in the corresponding
paper (Fan et al., 2026; Chen et al., 2024a; Ning
et al., 2025; He et al., 2025b; Lv et al., 2025).

C Baseline Details

Unless otherwise noted, results are reported from
single runs conducted under the same experimental
setup, using a single NVIDIA H100 80GB GPU.
Appendix C.5 reports three-seed evaluations for
datasets with smaller performance margins.
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Dataset LLaGA GraphPrompter UniGraph2 Graph4MM GraphVLM OMG-VLM

ArtsNC 88.51 17.04 79.60 85.64 66.19 92.13
ogbn-arXivNC 74.71 70.83 32.84 67.14 42.52 76.53
MoviesLP 52.13 18.18 91.51 75.39 49.10 95.08
RedditSLP – – 65.24 – 90.81 99.40
PubMedNC 1.52 11.59 21.70 1.01 63.09 75.99
RedditMLP 44.50 8.95 61.25 73.90 47.00 87.50
VideoGamesLP 46.36 0.50 49.08 63.61 49.15 77.84
CDsNC 4.88 11.83 5.97 0.44 33.65 34.29
CoraLP 1.70 1.40 51.80 52.60 62.60 69.10

Table 3: Additional reproduced baseline results, with ogbn-arXivNC no longer downsampled. – indicates that the
model cannot process the dataset due to architectural constraints or unavailable results. Bold and underline indicate
the best and second-best results.

C.1 Unavailable Baseline Results

Certain baseline results are unavailable because
the corresponding models are designed for specific
modality schemas and cannot be directly applied
to all dataset types considered in our evaluation.

Text-only LLM-based baselines, including
LLaGA (Chen et al., 2024a) and Graph-
Prompter (Lv et al., 2025), are designed for
TAGs. Their input construction relies on textual
node attributes and serialized graph context, with-
out a mechanism for processing visual node at-
tributes. Therefore, they cannot be applied to Red-
ditS, which is an IAG containing only visual inputs.

Multimodal LLM-based baselines also have
architecture-specific modality requirements.
Graph4MM (Ning et al., 2025) is designed for
MAGs and uses an MM-QFormer module to
extract visual information through text-derived
queries. This design requires textual attributes
and, therefore, cannot be directly applied to IAGs
without text. Conversely, MLaGA (Fan et al.,
2026) reasons over graph structure using a visual
branch and a multimodal fusion module, which
assumes the availability of visual inputs. As a
result, it is not directly applicable to TAGs, where
only textual attributes are available.

These unavailable results highlight the motiva-
tion for our heterogeneous modality setting. Un-
like prior methods that are specialized for TAGs,
IAGs, or MAGs, OMG-VLM is designed as a uni-
fied framework that can operate across graphs with
different modality schemas.

C.2 Differences from Reported Baselines

Some reproduced baseline results differ from
those reported in the original papers, particu-
larly MLaGA on MoviesLP and LLaGA on ogbn-

arXivNC. These gaps mainly stem from differences
between prior dataset-specific protocols and our
unified heterogeneous-modality benchmark. Our
setting trains and evaluates models across heteroge-
neous graphs, including TAGs, IAGs, and MAGs,
whereas many baselines are designed for narrower
modality settings, such as LLaGA for TAGs and
MLaGA for MAGs (Chen et al., 2024a; Fan et al.,
2026). Our protocol also jointly mixes citation, e-
commerce, and social graphs, rather than training
within a single domain or modality schema.

MLaGA. For MLaGA, the gap on MoviesLP

is likely related to link-prediction split construc-
tion. Since MLaGA does not release the exact
train/test edge splits, our reproduction may use dif-
ferent sampled edges for training and evaluation.
Moreover, MLaGA is originally evaluated in a nar-
rower Amazon-domain MAG setting (Fan et al.,
2026), while our protocol covers heterogeneous
domains and modality schemas.

LLaGA. For LLaGA, the gap on arXivNC mainly
comes from the balanced mixed-training setup. To
prevent large graphs from dominating joint train-
ing, we downsample ogbn-arXiv training nodes,
as detailed in Appendix A, which differs from the
original LLaGA setting, which uses the full ogbn-
arXiv split (Chen et al., 2024a). To isolate the
effect of training-set size, we additionally evalu-
ate reproduced baselines with the full ogbn-arXiv
training data. As shown in Table 3, LLaGA im-
proves to 74.71 on ogbn-arXiv, while OMG-VLM
further improves to 76.53, suggesting that the lower
reproduced LLaGA result in Table 1 is largely at-
tributable to the balanced split rather than im-
plementation changes. Meanwhile, OMG-VLM
remains the best-performing model across datasets,
outperforming LLaGA by 1.82 points.
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Dataset GraphP. UniG2 G4MM G-VLM OMG

ArtsNC 84.81 80.78 87.87 80.06 93.21
arXivNC 23.68 22.82 37.39 52.94 54.07
MoviesLP 15.34 91.46 85.95 33.15 95.19
RedditSLP – 78.85 – 54.90 99.10
PubMedNC 43.80 38.40 33.13 59.64 73.34
RedditMLP 37.00 62.35 75.32 46.53 92.14
CDsNC 22.89 5.15 12.05 26.34 27.07

Table 4: Macro-F1 results for representative strong base-
lines and OMG-VLM. – indicates that the model cannot
process the dataset due to architectural constraints. Bold
and underline indicate the best and second-best results.

Overall, these results indicate that differences
from originally reported baselines mainly arise
from adapting specialized methods to a uni-
fied benchmark over heterogeneous domains and
modality schemas. Meanwhile, OMG-VLM shows
competitive performance in both training settings.

C.3 Additional Evaluation Metrics

We report Macro-F1 for representative strong base-
lines and OMG-VLM in Table 4. Macro-F1 pro-
vides a complementary view of performance by
weighting classes equally, which is especially use-
ful when class distributions are imbalanced. OMG-
VLM achieves the best Macro-F1 on most datasets,
with particularly large gains on PubMedNC (73.34
vs. 59.64), and RedditMLP (92.14 vs. 75.32). These
results are consistent with the accuracy trends in
the main paper and further support the effectiveness
of OMG-VLM across tasks and modality schemas.

C.4 Evaluation on a Naturally
Image-Attributed Graph

RedditS provides a controlled image-only setting
constructed by omitting its textual attributes. To
complement this setting, we evaluate on the natu-
rally image-attributed Flickr graph distributed with
GraphSAINT (Zeng et al., 2020). The graph orig-
inates from NUS-WIDE (Chua et al., 2009) and
contains 89,250 image nodes, 899,756 edges, and
seven single-label classes. Each node represents
a Flickr image, while edges connect images shar-
ing properties such as geographic location, gallery
membership, or user interactions. We match the
evaluated nodes to their corresponding raw NUS-
WIDE images. Flickr is excluded from training,
and all models are evaluated on its 22,313-node
test split without target-dataset fine-tuning. We
compare OMG-VLM with representative baselines
from the main evaluation.

Model Accuracy (%)

MLP 7.38
GCN 25.47
UniGraph2 35.82
GraphVLM 25.79
OMG-VLM 42.29

Table 5: Transfer performance of OMG-VLM and rep-
resentative baselines from the main evaluation on the
naturally image-attributed Flickr graph. All models are
evaluated on the 22,313-node test split without Flickr-
specific fine-tuning. Bold indicates the best result.

Dataset Strongest Baseline OMG-VLM

arXivNC 64.92± 0.46 (MLP) 67.95± 0.04

CDsNC 30.86± 0.43 (MLaGA) 32.29± 0.24

CoraLP 50.63± 0.63 (UniGraph2) 51.67± 0.15

Table 6: Three-seed accuracy on datasets with smaller
single-run performance margins. Values are reported as
mean ± standard deviation, with the strongest baseline
identified in parentheses. Bold indicates the best results.

As shown in Table 5, OMG-VLM achieves an
accuracy of 42.29, outperforming UniGraph2 by
6.47 points. This result supports OMG-VLM’s
ability to leverage visual graph neighborhoods and
transfer to unseen IAGs.

C.5 Multi-Seed Evaluation
To assess the robustness of comparisons with
smaller single-run margins, we rerun OMG-VLM
and the strongest corresponding baseline on arXiv,
CDs, and Cora using three random seeds under the
same experimental setup. Table 6 reports the mean
accuracy and standard deviation.

As shown in Table 6, OMG-VLM achieves
higher mean accuracy on all three datasets. Its
improvements of 3.03 points on arXiv, 1.43 points
on CDs, and 1.04 points on Cora are larger than
the observed run-to-run variation, supporting the
consistency of the single-run results.

D Computational Cost Analysis

We report the computational cost of representative
multimodal baselines in Table 7. All results are
measured on a single NVIDIA H100 80GB GPU
under comparable configurations. Since OMG-
VLM is built on a VLM backbone, the most mean-
ingful efficiency comparison is with VLM-based
graph reasoning methods rather than LLM-only or
GNN-based baselines, whose computational pro-
files are fundamentally different. We therefore
focus our discussion on GraphVLM, which rep-
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Model Backbone Train Infer Avg. Prompt
(ms/sp) (ms/sp) Tokens

GraphVLM VLM 1428.30 397.85 1444.07
OMG-VLM VLM 925.42 358.17 464.30

Table 7: Computation comparison. Runtime is reported
in milliseconds per sample. Avg. Prompt denotes the
average number of input prompt tokens of ArtsNC. Bold
highlights the better result among VLM-based methods.

resents an intuitive VLM-based solution that in-
corporates neighborhood information by directly
flattening graph context into the prompt.

Compared with GraphVLM, OMG-VLM
achieves lower training time, inference time, and
prompt length. The main reason is that GraphVLM
serializes graph neighborhoods directly into the
textual prompt, so its input length grows with
the number of neighbors and induces a higher
attention cost. In contrast, OMG-VLM compresses
graph-derived context into a fixed number of
tokens before passing it to the VLM. This bounded
context reduces prompt expansion while retaining
VLM-based multimodal reasoning capacity.

E Ablation and Sensitivity Results

E.1 Complete Main Ablation Results

Table 8 details the performance of OMG-VLM,
text-pooled variant, image-pooled variant, and
both-pooled variant of our model on all datasets.
Table 9 details the performance of OMG-VLM
with and without per-neighbor compression across
different neighborhood sizes (10-100).
Table 10 details the performance of OMG-VLM
under co-optimization and two-stage training.

E.2 Complete Sensitivity Results

Table 11 details the performance of OMG-VLM
with different textual token lengths, visual token
lengths, and the number of aggregated neighbors.

E.3 Backbone Ablations

The main experiments use the exact Hugging Face
checkpoint Qwen/Qwen-VL-Chat, which contains
approximately 7B parameters (Bai et al., 2023).
We select this backbone because it matches the
model version and scale used by GraphVLM (Liu
et al., 2026), the closest VLM-based baseline. This
controlled choice allows the comparison to focus
on graph adaptation rather than improvements from
using a larger or more recent backbone.

To evaluate sensitivity to the backbone, we
instantiate the same OMG-VLM framework
with llava-hf/llava-v1.6-vicuna-7b-hf (Liu
et al., 2024), which represents a different VLM
family at a comparable 7B scale, and Qwen/
Qwen3-VL-4B-Instruct (Bai et al., 2025), which
represents a smaller model from the Qwen VLM
family. The graph-adapter design and evaluation
protocol remain unchanged across these variants.
Table 12 reports their results alongside the strongest
non-OMG-VLM baseline on each dataset.

Overall, OMG-VLM remains effective across
backbone families and model scales. The Qwen-
VL-based version achieves the best results on most
datasets, including 95.30 on MoviesLP, 99.10 on
RedditSLP, and 92.45 on RedditMLP, substantially
outperforming the strongest corresponding base-
lines of 91.51, 90.10, and 72.30. The alterna-
tive backbones also remain competitive: LLaVA-
v1.6-7B-based variant reaches 91.36 on ArtsNC and
93.12 on MoviesLP, while Qwen3-VL-4B-based
variant achieves 91.78 on PubMedNC and 40.88 on
CDsNC. Although Qwen3-VL-4B trails the main
Qwen-VL-7B variant on several datasets, it differs
in both architecture and parameter scale and still
exceeds the strongest non-OMG-VLM baseline on
six of eight datasets. These results suggest that
OMG-VLM is not tied to a particular pretrained
VLM implementation. Instead, its graph adapters
can operate on the native textual and visual rep-
resentations of different VLM backbones without
backbone-specific redesign. Together, these results
indicate that OMG-VLM’s effectiveness is not re-
stricted to a single VLM family or parameter scale.

E.4 Fine-Tuned and Zero-Shot VLM Controls
Matched Fine-Tuned No-Graph Control. To dis-
tinguish the contribution of graph neighborhoods
from target-attribute understanding and task adap-
tation, we construct a matched no-graph control
using the same Qwen/Qwen-VL-Chat backbone as
OMG-VLM. We fine-tune this control on the same
training examples and task instructions while re-
moving all textual and visual neighborhood inputs.
Zero-Shot Controls. We further examine whether
the gains can be obtained by prompting the pre-
trained Qwen/Qwen-VL-Chat checkpoint without
graph-adapter training. In the non-structural set-
ting, the model receives only the available target-
node attributes and the task instruction. In the struc-
tural setting, it additionally receives neighborhood
information serialized into the prompt. Neither
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Dataset Text Pool Image Pool Text/Image Pool Full
Mean Attn. Mean Attn. Mean Attn. Model

ArtsNC 92.43 (-0.07) 92.20 (-0.30) 92.30 (-0.20) 91.25 (-1.25) 92.20 (-0.30) 91.67 (-0.83) 92.50
arXivNC 67.38 (-0.47) 67.09 (-0.76) 67.84 (-0.01) 67.35 (-0.50) 67.12 (-0.73) 67.09 (-0.76) 67.85
MoviesLP 92.93 (-2.37) 92.30 (-3.00) 93.56 (-1.74) 85.33 (-9.97) 90.75 (-4.55) 73.81 (-21.49) 95.30
RedditSLP 97.80 (-1.30) 97.80 (-1.30) 76.25 (-22.85) 74.95 (-24.15) 76.30 (-22.80) 74.70 (-24.40) 99.10
PubMedNC 59.25 (-19.30) 60.41 (-18.14) 78.27 (-0.28) 78.32 (-0.23) 57.13 (-21.42) 56.25 (-23.30) 78.55
RedditMLP 87.15 (-5.30) 86.85 (-5.60) 79.85 (-12.60) 82.30 (-10.15) 80.70 (-11.75) 76.45 (-16.00) 92.45
VideoGamesLP 76.57 (-1.42) 76.99 (-1.00) 78.26 (+0.27) 65.57 (-12.42) 69.75 (-8.24) 65.49 (-12.50) 77.99
CDsNC 26.34 (-6.22) 31.53 (-1.03) 30.89 (-1.67) 27.21 (-5.35) 26.34 (-6.22) 30.76 (-1.80) 32.56
CoraLP 51.00 (-0.80) 50.50 (-1.30) 51.49 (-0.31) 54.50 (+2.70) 50.90 (-0.90) 50.60 (-1.20) 51.80

Table 8: Ablation on neighborhood aggregation modules. Mean replaces the corresponding adapter with mean
pooling over neighbor representations, while Attn. uses center-query attention pooling, where the center node
representation attends to neighbors. Text/Image Pool replaces both adapters. Parenthesized values are signed
accuracy-point differences from the full OMG-VLM model.

Dataset w/ Compr. w/o Compr.
10 40 70 100 10 40 70 100

ArtsNC 92.50 91.17 91.88 91.84 92.64 92.16 91.20 91.86
MoviesLP 95.30 94.32 94.45 95.17 93.85 94.51 94.19 94.32
RedditSLP 99.10 98.39 98.64 98.49 98.04 98.54 98.24 98.59
RedditMLP 92.45 92.40 89.60 93.10 89.35 91.30 91.05 90.85
VideoGamesLP 77.99 78.22 78.37 78.95 78.72 77.65 78.87 77.61
CDsNC 32.56 33.46 33.58 31.85 33.58 33.98 34.69 34.57

Table 9: Ablation on per-neighbor image compression
across visual neighborhood sizes. Compressed visual
token length is fixed to MI=32.

Dataset Co-Optimization Two-Stage

ArtsNC 92.50 92.14
arXivNC 67.85 66.65
MoviesLP 95.30 93.97
RedditSLP 99.10 96.94
PubMedNC 78.55 90.42
RedditMLP 92.45 85.70
VideoGamesLP 77.99 76.23
CDsNC 32.56 31.63
CoraLP 51.80 66.20

Table 10: Performance of OMG-VLM under end-to-end
co-optimization and two-stage training. Bold indicates
the best results.

zero-shot setting updates any parameters.
As shown in Table 13, OMG-VLM outperforms

the matched fine-tuned no-graph control on all nine
datasets, with an average improvement of 12.62
points. Because this control retains the same pre-
trained backbone and task-adaptation setting, the
improvement demonstrates that graph neighbor-
hoods and their learned aggregation provide con-
sistent performance gains beyond target-node at-
tributes and fine-tuning alone.

OMG-VLM also consistently outperforms both
zero-shot controls. The gaps are particularly large
on arXivNC (67.85 vs. 8.50), MoviesLP (95.30 vs.
61.15), RedditSLP (99.10 vs. 62.68), and RedditMLP

(92.45 vs. 68.60). Structural prompting does not
consistently improve over non-structural prompt-
ing. These results show that directly serializing

L = 1 L = 2 L = 3

90.5

91

91.5 91.45

90.94

91.2

A
cc

ur
ac

y
(%

)
Figure 7: Sensitivity to the number of visual aggregation
layers L. Results are reported on ArtsNC with separate
models trained and evaluated for each value of L.

graph context into a pretrained VLM is insuffi-
cient and further support the value of trained graph
adapters for aggregating neighborhood information
within the VLM’s native representation space.

E.5 Layer L Sensitivity Analysis

We analyze the sensitivity of OMG-VLM to the
number of center-conditioned visual aggregation
layers L in the Graph-Aware Visual Adapter. For
efficiency, we conduct a targeted sensitivity anal-
ysis on ArtsNC, training and evaluating separate
models with L ∈ {1, 2, 3}, rather than repeating
the full mixed-training protocol for each setting.
Figure 7 reports the results.

The results suggest that performance is stable
across the tested values of L. All variants remain
within a narrow range, with the best result obtained
at L = 1. Since deeper aggregation does not yield
consistent improvement in this analysis, we use a
small value of L = 1 in the main model to reduce
unnecessary computation.

F Prompt Templates and Qualitative
Examples

F.1 Prompt Templates

Table 14 and Table 15 summarize the prompt tem-
plates used for node classification and link predic-
tion, respectively. All prompts follow the ChatML
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Setting Dataset Text Tokens (MT ) Image Tokens (MI ) Neighbors (K)
MI = 32, K = 10 MT = 1, K = 10 MT = 8,MI = 32

1 8 16 32 8 32 64 10 40 70 100

In-Domain
ArtsNC 92.73 92.50 92.36 92.04 92.36 92.73 92.85 92.50 91.17 91.88 91.84
arXivNC 68.14 67.85 67.98 68.16 68.06 68.14 67.67 67.85 67.91 67.89 67.93
MoviesLP 94.70 95.30 94.45 94.76 94.98 94.70 94.67 95.30 94.32 94.45 95.17
RedditSLP 98.95 99.10 98.64 98.19 98.69 98.95 98.90 99.10 98.39 98.64 98.49

Transfer
PubMedNC 77.28 78.55 77.87 77.05 78.60 77.28 77.08 78.55 76.17 78.72 76.98
RedditMLP 79.10 92.45 83.80 89.85 91.55 79.10 86.95 92.45 92.40 89.60 93.10
VideoGamesLP 78.14 77.99 74.08 78.49 77.72 78.14 79.41 77.99 78.22 78.37 78.95
CDsNC 32.49 32.56 32.39 35.22 32.10 32.49 34.60 32.56 33.46 33.58 31.85
CoraLP 56.30 51.80 50.50 51.00 52.00 56.30 52.70 51.80 52.30 61.90 55.70

Table 11: Sensitivity analysis to textual token length (MT ), visual token length (MI ), and number of aggregated
neighbors (K). Bold indicates the best results.

Backbone Model ArtsNC arXivNC MoviesLP RedditSLP PubMedNC CDsNC RedditMLP VideoGamesLP

Best Baseline 89.63 64.59 91.51 90.10 72.13 31.10 72.30 70.30
OMG-VLM(LLaVA-v1.6-7B) 91.36 66.30 93.12 89.05 88.97 34.73 81.50 76.93
OMG-VLM(Qwen3-VL-4B) 89.00 67.67 93.66 83.31 91.78 40.88 76.65 76.29
OMG-VLM(Qwen-VL-7B) 92.50 67.85 95.30 99.10 78.55 32.56 92.45 77.99

Table 12: Additional backbone ablation results. We instantiate OMG-VLM with different VLM backbones and
compare them with the strongest non-OMG-VLM baseline on each dataset. Bold indicates the best result, and
underline indicates the second-best result.

Dataset Zero-Shot
FT

No-Graph OMG-VLM
Non-Struct. Struct.

ArtsNC 69.39 62.09 74.61 92.50
arXivNC 2.89 8.50 44.62 67.85
MoviesLP 61.15 50.05 83.02 95.30
RedditSLP 49.90 62.68 85.38 99.10
PubMedNC 77.32 72.61 72.99 78.55
RedditMLP 68.60 38.95 67.75 92.45
VideoGamesLP 50.08 50.00 64.92 77.99
CDsNC 28.73 29.20 30.70 32.56
CoraLP 50.00 50.50 50.50 51.80

Average 50.90 47.18 63.83 76.46

Table 13: Accuracy of OMG-VLM and Qwen-VL con-
trols. Non-Struct. and Struct. denote zero-shot prompt-
ing without and with serialized neighborhoods. FT No-
Graph is fine-tuned without neighborhood inputs. Bold
and underline indicate the best and second-best results.

format, where the system message is set to “You are
a helpful assistant.” (Bai et al., 2023). The place-
holders <anchor text> and <anchor image> de-
note the textual and visual attributes of the anchor
node, while <text neighborhood> and <image
neighborhood> denote modality-specific neigh-
borhood context incorporated into the input.

F.2 Qualitative Examples

We show three qualitative examples from different
datasets, each including the constructed input, re-
trieved graph context, model response, and ground-
truth answer.
Amazon-Arts. Figure 8 shows a MAG node clas-
sification example where OMG-VLM predicts the
product category from target attributes and graph-

aware multimodal neighborhood context.
ogbn-arXiv. Figure 9 shows a TAG node classifica-
tion example where OMG-VLM predicts the paper
category from textual attributes and graph-aware
textual neighborhood context.
RedditS. Figure 10 shows an IAG link prediction
example where OMG-VLM predicts whether two
image-attributed posts are connected using their
visual attributes and neighborhood context.
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Dataset Type User Prompt Content

Arts MAG Given the target product information on Amazon: Picture: <anchor image> Image neighbor-
hood: <image neighborhood> Title and description: <anchor text> Text neighborhood:
<text neighborhood> Question: Based on the target product’s picture, title, description,
and neighborhood context, which category does the target product belong to? Choose from
the following options: Knitting & Crochet; Beading & Jewelry Making; Painting, Drawing
& Art Supplies; Crafting; Model & Hobby Building; Sewing; Scrapbooking & Stamping.

arXiv TAG Given the target paper information on arXiv: Title and abstract: <anchor text> Text
neighborhood: <text neighborhood> Question: Based on the target paper’s title, abstract,
and neighborhood context, which of the following categories does the target paper belong
to? Options: arxiv cs ai, arxiv cs ar, arxiv cs cc, arxiv cs ce, arxiv cs cg, arxiv cs cl, arxiv cs
cr, arxiv cs cv, arxiv cs cy, arxiv cs db, arxiv cs dc, arxiv cs dl, arxiv cs dm, arxiv cs ds, arxiv
cs et, arxiv cs fl, arxiv cs gl, arxiv cs gr, arxiv cs gt, arxiv cs hc, arxiv cs ir, arxiv cs it, arxiv
cs lg, arxiv cs lo, arxiv cs ma, arxiv cs mm, arxiv cs ms, arxiv cs na, arxiv cs ne, arxiv cs ni,
arxiv cs oh, arxiv cs os, arxiv cs pf, arxiv cs pl, arxiv cs ro, arxiv cs sc, arxiv cs sd, arxiv cs
se, arxiv cs si, arxiv cs sy.

PubMed TAG The following is the title and the abstract of a paper: Title and abstract: <anchor text>
Text neighborhood: <text neighborhood> Question: Based on the paper’s title, abstract,
and neighborhood context, which case of diabetes does the paper involve? Choose from the
following options: Type 1 diabetes; Type 2 diabetes; Experimentally induced diabetes.

CDs MAG Given the target CD/Vinyl product information on Amazon: Picture: <anchor image>
Image neighborhood: <image neighborhood> Title and description: <anchor text> Text
neighborhood: <text neighborhood> Question: Based on the target product’s picture, title,
description, and neighborhood context, which category does the target product belong to?
Choose from the following options: Pop; Today’s Deals in Music; Rock; Indie & Alternative;
Classic Rock; Country; International Music; Jazz; Metal; R&B; Classical; Rap & Hip-Hop;
Christian & Gospel; Blues; Dance & Electronic.

Table 14: Prompt templates for node classification datasets. Each prompt explicitly separates anchor-node attributes
from modality-specific neighborhood context.
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Dataset Type User Prompt Content

RedditS IAG Given two nodes from a social media graph, the information of the first node is as fol-
lows: Picture: <anchor image> Image neighborhood: <image neighborhood> and the
information of the other node is: Picture: <anchor image> Image neighborhood: <image
neighborhood> If the connections between nodes represent the co-comment relationships
between posts, are these two central nodes connected? Give me a direct answer of “yes” or
“no”.

Movies MAG Given two nodes from the Amazon movies product graph, the information of the first node
is as follows: Picture: <anchor image>; Image neighborhood: <image neighborhood>;
Title and description: <anchor text> Text neighborhood: <text neighborhood> and
the information of the other node is: Picture: <anchor image>; Image neighborhood:
<image neighborhood>; Title and description: <anchor text> Text neighborhood: <text
neighborhood> If the connections between nodes represent the co-purchased or co-reviewed
relationships between products, are these two central nodes connected? Give me a direct
answer of “yes” or “no”.

Cora TAG Given two nodes from the Cora citation graph of machine learning papers, the information
of the first node is as follows: Title and abstract: <anchor text> Text neighborhood: <text
neighborhood> And the information of the other node is: Title and abstract: <anchor text>
Text neighborhood: <text neighborhood> If the connections between nodes represent
citation relationships, i.e., one paper cites the other as a reference in its work, are these two
central nodes connected? Give me a direct answer of “yes” or “no”.

RedditM MAG Given two nodes from a social media graph, the information of the first node is as follows:
Picture: <anchor image>; Image neighborhood: <image neighborhood>; Text content:
<anchor text> Text neighborhood: <text neighborhood> and the information of the other
node is: Picture: <anchor image>; Image neighborhood: <image neighborhood>; Text
content: <anchor text> Text neighborhood: <text neighborhood> If the connections
between nodes represent the co-comment relationships between posts, are these two central
nodes connected? Give me a direct answer of “yes” or “no”.

VideoGames MAG Given two nodes from the Amazon video games product graph, the information of
the first node is as follows: Picture: <anchor image>; Image neighborhood: <image
neighborhood>; Title and description: <anchor text> Text neighborhood: <text
neighborhood> and the information of the other node is: Picture: <anchor image>; Im-
age neighborhood: <image neighborhood>; Title and description: <anchor text> Text
neighborhood: <text neighborhood> If the connections between nodes represent the
co-purchased or co-reviewed relationships between products, are these two central nodes
connected? Give me a direct answer of “yes” or “no”.

Table 15: Prompt templates for link prediction datasets. Each prompt presents the two anchor nodes together with
their modality-specific neighborhood context.
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MAG Amazon-Arts: Node Classification

Target Product Title and Description. Origami Paper - Traditional Prints - 8 1/4” -

49 Sheets: Tuttle Origami Paper: Large Origami Sheets Printed with 6

Different Patterns: Instructions for 6 Projects Included. From the Back

Cover About the Author Tuttle Studio draws......

Retrieved Neighborhood Context

[Additional neighbors omitted for
brevity]

Neighbor 1: LuPro Japanese
LPAT-4006 Origami Folding Paper

Case Box......

Neighbor 2: Lion Brand Yarn Lion
Brand Bonbons 680 Crayons......

Prompt

Given the target product information on Amazon:
Picture: <anchor image>

Title and description: <anchor text>

The target product is associated with the following graph neighborhood context:
Neighbor pictures: <image neighborhood>

Neighbor titles and descriptions: <text neighborhood>

Question: Based on the target product’s picture, title, description, and graph neighborhood context, which category
does the target product belong to?
Options: Knitting & Crochet, Beading & Jewelry Making, Painting, Drawing & Art Supplies, Crafting, Model &
Hobby Building, Sewing, Scrapbooking & Stamping.

OMG-VLM Output Ground Truth
Crafting Crafting

Figure 8: Qualitative example for MAG Amazon-Arts node classification. Full text information is omitted for
brevity.
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TAG ogbn-arXiv: Node Classification

Target Paper Title and Abstract. learning spectral spatial temporal features via a recurrent convolutional neural network

for change detection in multispectral imagery Change detection is one of the central problems......

Retrieved Neighborhood Context

Neighbor 1. multitask learning for large scale semantic change detection Change detection is one of the main problems
in remote sensing, and is essential to the accurate processing and understanding......
Neighbor 2. deeplab semantic image segmentation with deep convolutional nets atrous convolution and fully connected
crfs In this work we address the task of semantic image segmentation with Deep Learning......
[Additional neighbors omitted for brevity]

Prompt

Given the target paper information on arXiv:
Title and abstract: <anchor text>

The target paper is associated with the following graph neighborhood context:
Neighbor titles and abstracts: <text neighborhood>

Question: Based on the target paper’s title, abstract, and graph neighborhood context, which of the following categories
does the target paper belong to?
Options: arxiv cs ai, arxiv cs ar, arxiv cs cc, arxiv cs ce, arxiv cs cg, arxiv cs cl, arxiv cs cr, arxiv cs cv, arxiv cs cy, arxiv
cs db, arxiv cs dc, arxiv cs dl, arxiv cs dm, arxiv cs ds, arxiv cs et, arxiv cs fl, arxiv cs gl, arxiv cs gr, arxiv cs gt, arxiv cs
hc, arxiv cs ir, arxiv cs it, arxiv cs lg, arxiv cs lo, arxiv cs ma, arxiv cs mm, arxiv cs ms, arxiv cs na, arxiv cs ne, arxiv cs
ni, arxiv cs oh, arxiv cs os, arxiv cs pf, arxiv cs pl, arxiv cs ro, arxiv cs sc, arxiv cs sd, arxiv cs se, arxiv cs si, arxiv cs sy.

OMG-VLM Output Ground Truth
arxiv cs cv arxiv cs cv

Figure 9: Qualitative example for TAG ogbn-arXiv node classification. Full text information is omitted for brevity.
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IAG RedditS: Link Prediction

Target Node Pair

Node A Node B

Retrieved Neighborhood Context

Neighbor of Node A Neighbor of Node B

[Additional neighbors omitted for brevity]

Prompt

Given two nodes from a social media graph, the information of the first node is as follows:
Picture: <anchor image of Node A>

The first node is associated with the following graph neighborhood context:
Neighbor pictures: <image neighborhood of Node A>

The information of the second node is as follows:
Picture: <anchor image of Node B>

The second node is associated with the following graph neighborhood context:
Neighbor pictures: <image neighborhood of Node B>

If the connections between nodes represent the co-comment relationships between posts, are these two central nodes
connected? Give a direct answer of “yes” or “no”.

OMG-VLM Output Ground Truth
yes yes

Figure 10: Qualitative example for IAG RedditS link prediction.
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