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Abstract

The rapid development of Multimodal Large Language
Models (MLLMs) has enabled the integration of multiple
modalities, including texts and images, within the large lan-
guage model (LLM) framework. However, texts and im-
ages are usually interconnected, forming a multimodal at-
tributed graph (MMAG). It is underexplored how MLLMs
can incorporate the relational information (i.e., graph
structure) and semantic information (i.e., texts and im-
ages) on such graphs for multimodal comprehension and
generation. In this paper, we propose GRAPHGPT-O,
which supports omni-multimodal understanding and cre-
ation on MMAGs. We first comprehensively study lin-
earization variants to transform semantic and structural
information as input for MLLMs. Then, we propose a
hierarchical aligner that enables deep graph encoding,
bridging the gap between MMAGs and MLLMs. Fi-
nally, we explore the inference choices, adapting MLLM
to interleaved text and image generation in graph scenar-
ios. Extensive experiments on three datasets from differ-
ent domains demonstrate the effectiveness of our proposed
method. Datasets and codes will be publicly available at
https://github.com/YiFang99/GraphGPT-O.

1. Introduction
Multimodal Large Language Models (MLLMs) [7, 21, 26,
35] have made significant progress in recent years, allowing
the comprehension and generation of diverse data modal-

*Equal contribution.

ities including text and images. However, in real-world
scenarios, there exists a pervasive graph-structured rela-
tionships between texts and images. Such graph-structured
relationship can be described as “Multimodal Attributed
Graphs” (MMAGs) [16, 31, 44], where nodes are associ-
ated with image and text information. For example, the art-
work graph [29] is composed of nodes that include images
(pictures) and text (titles), with edges representing shared
genres and authorship. This structure uniquely represents
each artwork in relation to thousands of others within the
graph, providing a context that extends beyond simple lan-
guage descriptions or image references. While MLLMs
have demonstrated outstanding comprehension and gener-
ation capability for text and image data, it is question-
able how they could utilize the structural information on
MMAGs.

In this context, we formulate the problem of multimodal
content generation on MMAGs which tasks MLLMs with
producing both a textual description and an accompanying
image for a new node based on the graph connectivity and
node attributes. This task focuses on generating text-image
pairs for a node from MMAGs, reflecting a wide range of
practical applications. For example, generating an image
and a text for a product node linked to others through co-
purchase edges in an e-commerce MMAG is equivalent to
recommending [6, 28] potential future products to users.
Likewise, creating an image and a title for a virtual artwork
node in the art MMAG is comparable to creating virtual art-
work [8, 15] that reflects the subtle styles of various artists
and genres.

However, directly adopting MLLMs on MMAGs for
multimodal content generation presents several challenges:
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(1) Graph Size Explosion: Although MMAGs provide sub-
stantial context for image and text generation, inputting
the entire local subgraph structure to a model is impracti-
cal due to the exponential increase in size with additional
hops, leading to excessively long context sequences. (2)
Non-Euclidean Nature: Unlike texts or images, which fol-
low linear structures, graphs are inherently non-Euclidean
with complex topologies [2], making them challenging to
feed into MLLMs. (3) Hierarchical Modality Dependency:
At the node level, complementary information from associ-
ated text and image data enhances the semantic understand-
ing of individual nodes. At the subgraph level, integrated
features derived from node text/image semantics and local
graph structure enable a more nuanced understanding of the
subgraph’s context for target node generation. (4) Inference
Dependency: Due to the intrinsic interdependence between
text and image features within a node, as well as the dual
objectives of image and text generation, the order of infer-
ence across these modalities is critical.

To address these challenges, we introduce GRAPHGPT-
O, a multimodal large language model tailored for compre-
hensive understanding and creation within MMAGs. Our
approach features several key contributions: (1) We develop
a personalized PageRank-based graph sampling method to
extract relevant subgraph information, effectively mitigat-
ing the Graph Size Explosion issue. (2) We investigate var-
ious design approaches for graph linearization, adapting its
Non-Euclidean Nature to fit a sequential MLLM process-
ing paradigm. (3) We construct a hierarchical graph aligner,
incorporating a node-level modality fusion Q-Former and a
graph structure Q-Former to capture Hierarchical Modal-
ity Dependency within MMAGs. (4) We explore different
inference strategies, including sequential and parallel gen-
eration, to address Inference Dependency across modalities
in MMAGs. With adaptive graph prompt designs and spe-
cialized alignment techniques, GRAPHGPT-O achieves ef-
fective comprehension and content generation in MMAGs,
overcoming key challenges related to graph topology and
multimodal attribute integration.

The primary contributions of this paper are as follows:
• Problem Formulation and Benchmarking. We for-

mally define the task of multimodal content generation
from MMAGs and introduce three real-world benchmark
datasets across domains such as art and e-commerce to
support this task.

• Proposed Methodology. We introduce GRAPHGPT-O,
a multimodal large language model designed to effec-
tively encode graph structures for concurrent image and
text generation.

• Experiments and Evaluation. We perform compre-
hensive experiments and evaluations, demonstrating that
GRAPHGPT-O achieves significant improvements over
baseline models.

2. Problem Formulation
2.1. Multimodal Attributed Graphs

Definition 1 (Multimodal Attributed Graphs (MMAGs)
[16]) A multimodal attributed graph is defined as G =
(V, E ,P,D), where V , E , P , and D denote the sets of nodes,
edges, images, and documents, respectively. Each node
vi ∈ V contains corresponding image information pvi ∈ P
and textual information dvi ∈ D.

Some examples of MMAGs include (1) e-commerce pro-
duce graphs (G), where product nodes (v ∈ V) are associ-
ated with product image (p ∈ P) and title (d ∈ D); and (2)
artwork graphs (G), where artwork nodes (v ∈ V) contain
picture (p ∈ P) and title (d ∈ D).

2.2. Problem Definition

Definition 2 (Node Multimodal Content Generation on
MMAGs) In a multimodal attributed graph G =
(V, E ,P,D), given a node vi ∈ V within the graph G, the
goal is to generate pvi and dvi , the corresponding image
and text at vi, with a learned model (p̂vi , d̂vi) = f(vi,G).

This problem has numerous real-world applications. In the
context of e-commerce, this translates to generating an im-
age (pvi ) and a title (dvi ) for a product (vi) based on a user’s
purchase history (G), framing it as a generative recommen-
dation task. In the art domain, this involves generating an
image (pvi ) and a title (dvi ) for an artwork (vi) based on
the associated artist’s style or genre (G), positioning it as a
virtual artwork creation task.

3. Methodology
In this section, we present our GRAPHGPT-O framework, a
novel approach for generating image-text pairs on MMAGs
using multimodal LLMs (MLLMs). We begin by introduc-
ing graph information into MLLMs in Section 3.1. Next, we
describe a personalized PageRank-based graph sampling
strategy in Section 3.2, addressing the Graph Size Explo-
sion challenge. In Section 3.3, we propose graph lineariza-
tion strategies and develop a hierarchical graph aligner to
address the Non-Euclidean Nature of graphs and capture
Hierarchical Modality Dependency in MMAGs. Finally,
in Section 3.4, we explore different generation strategies to
manage Inference Dependency across modalities.

3.1. Multimodal LLM on MMAGs

DreamLLM. The proposed GRAPHGPT-O is built upon
DreamLLM [7], an MLLM capable of comprehension and
generation on both text and image modalities. To be spe-
cific, DreamLLM represents both texts and images as to-
kens and conducts encoding and generation in an autore-
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Figure 1. The overall framework of the proposed GRAPHGPT-O is as follows. Given a target node in a multimodal attribute graph
(MMAG), we begin by using personalized PageRank for neighbor sampling. These sampled neighboring nodes are then fed into a Hier-
archical Multimodal Aligner, which aligns text, image, and graph structure data. Each modality of a node is initially encoded and fused
through multiple self-attention and cross-attention layers to produce multimodal node tokens. Subsequently, the tokens are processed by a
graph structure Q-former, ultimately serving as inputs to the Multimodal LLM.

gressive fashion:

LDreamLLM
MLLM = −Et

[
log p

(
xWI
t | xWI

<t

)]
, (1)

where xWI = {xWI
t }Tt=1 is an interleaved sequence con-

taining both word tokens w = {wi}Ni=1 and image tokens
I = {Ik}Kk=1. The generated image tokens are decoded into
images with a Stable Diffusion [34] trained by the following
objective:

LDreamLLM
SD = Et,ϵ

[∣∣ϵ− ϵθ
(
zt;C

WI
DreamLLM, t

)∣∣2] , (2)

where CWI
DreamLLM represents the condition incorporating in-

formation from both text and image modalities.

GRAPHGPT-O: introducing graph signals into
MLLMs. In the context of MMAGs, generating im-
age and text content for a node vi requires utilizing
semantic information from the surrounding nodes within
the graph structure. Therefore, we introduce an auxiliary
set of graph tokens gvi = {gj}Mj=1 as input to the MLLM
in addition to the text and image tokens:

LGRAPHGPT-O
MLLM = −Et

[
log p

(
xWIG
t | xWIG

<t

)]
, (3)

where xWIG = {xWIG
t }Tt=1 is an interleaved sequence con-

taining both word tokens w, image tokens I and graph to-
kens g. The image decoder Stable Diffusion [34] is then

trained by the following objective:

LGRAPHGPT-O
SD = Et,ϵ

[∣∣ϵ− ϵθ
(
zt;C

WIG
GRAPHGPT-O, t

)∣∣2] , (4)

where CWIG
GRAPHGPT-O represents the condition incorporating

information from text, image, and graph modalities.

3.2. Personalized PageRank Neighbor Sampling.

A simple approach to obtain gvi is to encode the entire local
subgraph of vi within G. However, this becomes impractical
as the subgraph size grows exponentially with each addi-
tional hop, resulting in excessively long context sequences.
Additionally, irrelevant or extraneous information in the lo-
cal subgraph could misguide the model. To overcome this,
inspired by [11], we utilize personalized PageRank (PPR)
to selectively gather information for constructing gvi from
a graph structure perspective.

To be specific, PPR [13] utilizes the graph structure to
produce a ranking score, Pi,j , for each node vj relative to
a target node vi. A higher score Pi,j indicates a stronger
“similarity” or relevance between nodes vi and vj . We rep-
resent the PPR scores across all nodes with the PPR matrix
P ∈ Rn×n, where each row Pi,: corresponds to the PPR
vector for node vi. The PPR matrix P is computed by solv-
ing the following equation:

P = βÂP + (1− β)I. (5)
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where β is the reset probability governing the random walk
in PPR and Â is the normalized adjacency matrix. Using the
PPR matrix, we define the PPR-based graph neighborhood
nodes N(vi) to calculate gvi as the top K most relevant
neighbors, obtained by maximizing the sum of PPR scores
for the selected neighbors:

N(vi) = argmax
N(vi)⊂V,|N(vi)|=K

∑
vj∈N(vi)

Pi,j . (6)

This selection ensures that N(vi) captures the nodes most
similar to vi, based on their PPR scores.

3.3. Multimodal Graph as Sequence

After obtaining N(vi), the problem is how to extract
meaningful graph representations from it. Given that
GRAPHGPT-O takes sequential data as input, this involves
tokenizing N(vi) into sequence gvi . Previous studies [27,
40, 45] have explored methods for inputting text-attributed
graphs as sequences into LLMs, but handling multimodal
attributed graphs presents greater complexity. In this sec-
tion, we explore two ways to achieve this including (1) Lin-
earization: simply linearizing the textual and image features
in N(vi) into a sequence, and (2) Hierarchical Aligner: a
hierarchical graph encoder to obtain deep representations
as tokens for N(vi).

3.3.1 Graph Linear Tokenization

We first discuss tokenizingN(vi) with simple sequence lin-
earization. This involves designing rules Linearize(·) to
transform textual and image features in N(vi) into gvi :

gvi = Linearize(N(vi)) (7)

Given that N(vi) is a set of nodes and each vj ∈ N(vi)
is associated with both text information dvj and image in-
formation pvj

, the design of the linearization rule should
consider three factors: (1) modality choice; (2) modality or-
der and (3) number of neighbors, which are discussed as
follows:

Modality choice. Depending on the graph, it is possible
that presenting only texts {dvj |vj ∈ N(vi)} or only images
{dvj |vj ∈ N(vi)} or both of them could benefit the multi-
modal content generation on MMAGs.

Modality order. Given that we have both text and image
modality, it is flexible to adjust the order of different infor-
mation, including (1) all images first, followed by texts, (2)
all texts first, followed by images, and (3) interleaving im-
age and text for each node vj ∈ N(vi).

Number of neighbors. N(vi) is a list of nodes ranked by
PPR score. Including more neighbors vj ∈ N(vi) into gvi
could potentially add more information but at the same time
increase noise.

In Section 4.2, we conduct systematic experiments on
how different design choices affect the model performance.
After the design choice is given, {dvj |vj ∈ N(vi)} are to-
kenized with text tokenizer and {dvj |vj ∈ N(vi)} are tok-
enized with the pretrained CLIP encoder [32] similar to [7].

3.3.2 Graph Hierarchical Tokenization

Although linearization offers a solution for graph tokeniza-
tion, it fails to capture hierarchical modality dependencies
in MMAGs. To be specific, at the node level, the combined
information from associated text and image data contributes
to a richer semantic representation of individual nodes. At
the subgraph level, features synthesized from node-level se-
mantics, alongside the local graph structure, enable a more
comprehensive contextual understanding, thereby enhanc-
ing the generation of target nodes. To this end, we design a
hierarchical aligner F(·) with a node feature Q-Former ϕ(·)
and a graph structure Q-Former ψ(·) to capture the node-
level and subgraph-level modality dependency respectively:

gvi = F(N(vi)) = ψ({ϕ(vj)|vj ∈ N(vi)}) (8)

Node Feature Q-Former. It is proposed to learn node
representations for vj ∈ N(vi) considering the node-level
modality dependency. As shown in Figure 1, the Q-Former
comprises two core Transformer [38] modules motivated by
[21]: (1) a self-attention module that facilitates deep in-
formation exchange between node text features and image
features; (2) a cross-attention module that compresses node
feature into a fixed number of representations.

The associated text dvj and image pvj of a node vj ∈
N(vi) are first transformed into token representations wvj

and Ivj with text tokenizer and pretrained CLIP encoder
respectively, which are then concatenated to form the initial
input embedding:

H(0)
vj =

[
wvj ; Ivj

]
∈ Rd×(|dvj

|+|pvj
|) (9)

The self-attention Transformer layers are designed to
perform text and image modality information exchange cal-
culated by:

H(t)
vj = TransSAT

(
q, k, v = H(t−1)

vj

)
(10)

Following L1 self-attention Transformer layers, a cross-
attention Transformer layer is applied, extracting the core
feature into a fixed number of representations:

Hvj = TransCAT

(
q = QV ; k, v = H(L1)

vj

)
(11)

where QV ∈ Rx is a node-level information aggregation
soft prompt. The final representation Hvj is leveraged as
modality fused node feature representation.
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Graph Structure Q-Former. It is designed to aggregate
the local context semantics insideN(vi), capturing the sub-
graph level modality dependency. Similar to node fea-
ture Q-Former, graph structure Q-Former also contains two
core Transformer modules: (1) a self-attention module that
enables deep information integration inside the local sub-
graph; (2) a cross-attention module that aggregates the local
semantics into a fixed number of representations.

The node representations Hvj for vj ∈ N(vi) obtained
from the node feature Q-Former are concatenated and serve
as the initial inputs to the graph structure Q-Former:

G
(0)
N(vi)

=
[
Hvj

| vj ∈ N(vi)
]

(12)

The self-attention Transformer layers are then applied to
conduct deep information fusion between nodes inside the
local subgraph:

G
(t)
N(vi)

= TransSAT

(
q, k, v = G

(t−1)
N(vi)

)
(13)

After the L2 self-attention Transformer layers, a cross-
attention Transformer layer is designed to compress essen-
tial local graph features into a fixed set of representations:

GN(vi) = TransCAT

(
q = QG; k, v = G

(L2)
N(vi)

)
(14)

where QG ∈ Rx is a subgraph-level information aggre-
gation soft prompt. The final representation is leveraged
as graph token representations which are inputted into the
MLLM: gvi = GN(vi).

3.4. Inference Strategy

Given the inherent interdependence between textual and vi-
sual features (dvi and pvi ) within a node vi and the joint
objectives of generating both image and text, the order of
inference across these modalities plays a crucial role. To
this end, we propose two strategies: (1) sequential inference
and (2) parallel inference.

Sequential Inference. The proposed framework employs a
sequential dual-generation process, in which one modality
is generated first and subsequently serves as a conditioning
factor for the generation of the other modality. Specifically,
this approach enables us to generate text dvi by optimizing
p(dvi |gvi) and then generate the corresponding image pvi
by maximizing p(pvi |gvi , dvi). Alternatively, we can initi-
ate generation with the image pvi by maximizing p(pvi |gvi)
and then produce the text dvi by optimizing p(dvi |gvi , pvi).
This sequential conditioning strategy ensures that the sec-
ond generation step is contextually anchored in the out-
come of the first, potentially enhancing coherence and con-
sistency across modalities.
Parallel Inference. The framework is designed to enable
simultaneous dual generation of text and image by jointly

optimizing p(dvi |gvi) and p(pvi |gvi). This concurrent gen-
eration approach allows the production of dvi

and pvi to
proceed independently, mitigating the risk of error propa-
gation from one modality serving as a conditional input for
the other. Consequently, this parallel optimization strategy
can reduce dependency on sequential conditioning, enhanc-
ing robustness in the generation process.

4. Experiment
4.1. Experimental Setups

We conduct experiments on three multimodal attributed
graphs from e-commerce domain and art domain. Our qun-
titive evaluation utilized CLIP scores, text perplexity, as
well as KL divergence. Detailed information about datasets
and metrics are provided in the appendix.

4.2. Graph Linear Tokenization

In this section, we study the quantitative results with graph
linear tokenization, which are presented in Table 1, from
which we observe the following:
(1) Node Modality Integration. Utilizing both modalities
together generally improves model performance, indicat-
ing that integrating multiple information sources leads to
a more comprehensive understanding of the data.
(2) Node Modality Order. The order in which the modal-
ities are processed does not consistently or significantly af-
fect model performance.
(3) Inference Strategy. Generating the image first typically
enhances the quality of the synthesized image but may re-
duce text quality, whereas starting with text generation re-
sults in the lowest KL-DV score.

4.3. Graph Hierarchical Tokenization

4.3.1 Quantitative Evaluation.

In this section, we compare the results of the original
DreamLLM [7] and Chameleon [37], and DreamLLM
fine-tuned with graph linear tokenization prompts named
GRAPHGPT-O (Hard), and trained with an additional hier-
archical aligner module named GRAPHGPT-O (soft). The
default prompt setting for training and inference utilizes
both modalities, with text-first in the instruction and gen-
erating text-first during inference. The results are shown
in Table 2, from which we can observe that GRAPHGPT-O
(soft) outperforms baselines in most cases, especially aligns
better with the golden sub-graph.

4.3.2 Qualitative Evaluation.

We performed a qualitative evaluation by randomly se-
lecting several generated cases, and comparing them with
ground-truth, DreamLLM, and ChatGPT-4o. The results
are presented in Figure 4, which includes sampled neighbor
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Modality Order Inference ART500K Beauty Baby
CLIP-I2 Perplexity CLIP-IT KL-DV CLIP-I2 Perplexity CLIP-IT KL-DV CLIP-I2 Perplexity CLIP-IT KL-DV

Text-only Text-first
Text-first 65.83 163.3 22.66 4.65 55.49 193.8 24.6 10.72 78.89 328.3 17.88 2.51

Image-first 65.31 619.9 24.54 5.04 65.56 668.5 25.64 14.72 75.36 819.8 23.84 1.32
Parallel 65.31 158.5 16.37 9.96 65.56 206.9 19.99 22.31 75.36 253.5 18.74 6.99

Image-only Image-first
Text-first 73.08 130.4 19.53 0.33 62.25 124.5 9.49 18.55 72.40 155.5 27.8 0.73

Image-first 75.55 177.7 12.18 9.85 67.61 266.8 20.85 14.83 75.22 130.1 10.62 2.54
Parallel 75.55 460.8 22.66 5.76 67.61 108.8 25.48 10.82 75.22 178.8 21.76 1.14

Text-Image

Text-first
Text-first 71.15 555.7 18.86 0.49 60.5 514.7 20.84 9.85 67.98 402.3 27.59 1.93

Image-first 79.26 117.7 20.15 2.78 66.89 379.7 6.78 10.64 59.27 153.3 8.78 16.07
Parallel 79.26 737.7 22.56 3.82 66.89 407.3 19.50 10.65 59.27 839.2 14.62 7.43

Image-first
Text-first 74.14 217.3 23.81 0.19 62.19 259.3 22.83 10.27 71.38 325.4 33.31 5.86

Image-first 77.81 437.8 19.32 3.19 60.55 353.7 14.32 24.77 65.48 242.2 9.62 1.15
Parallel 77.81 219.8 22.18 2.97 60.55 207.1 22.51 22.21 65.48 169.9 23.42 0.79

Interleaved
Text-first 68.40 315.7 18.57 0.70 64.70 310.8 25.5 10.39 71.71 522.5 31.86 0.79

Image-first 77.71 117.9 20.84 2.66 64.64 346.5 6.79 10.63 62.62 572.5 21.98 0.88
Parallel 77.71 402.8 28.41 2.68 64.64 354.8 24.69 18.38 62.62 572.5 13.95 7.72

Table 1. Evaluation Results for Different Modalities and Orders on ART500K, Amazon-Beauty, and Amazon-Baby Datasets

Model ART500K Beauty Baby
CLIP-I2 Perplexity CLIP-IT KL-DV CLIP-I2 Perplexity CLIP-IT KL-DV CLIP-I2 Perplexity CLIP-IT KL-DV

Janus 59.32 351.2 21.43 7.59 42.52 415.6 17.8 1.45 52.81 324.5 25.6 2.43

Emu3 62.11 257.5 20.07 9.83 45.82 398.3 24.2 5.96 58.8 374.5 23.7 3.55

Chameleon 61.19 228.3 23.87 4.18 43.73 180.9 16.6 22.80 45.20 144.7 0.56 1.87

DreamLLM 71.15 555.7 18.86 0.4882 60.5 514.7 20.84 9.85 67.98 402.3 27.59 1.92

GRAPHGPT-O (Hard) 77.62 347.4 18.58 0.9377 57.99 107.9 24.66 12.75 68.23 124.8 20.24 1.39

GRAPHGPT-O (Soft) 72.64 59.8 25.63 0.4327 63.46 285.0 27.38 5.82 74.77 103.2 31.14 0.23

Table 2. Results for different backbones on ART500K, Amazon-Beauty, and Amazon-Baby Datasets

CLIP-I2 Perplexity CLIP-IT KL-DV
GRAPHGPT-O w/o GSQ 61.44 59.67 26.96 9.1406

GRAPHGPT-O w/o NFQ 72.60 71.96 26.74 2.5050

GRAPHGPT-O 72.64 59.80 25.63 0.4327

Table 3. The impact of different modules in GRAPHGPT-O.
w/o GSQ means without graph structure Q-Former and w/o NFQ
means without node feature Q-Former.

images and text from the graph alongside the ground truth
images and text. These findings show that GRAPHGPT-O
generates images that align closer with the contextual infor-
mation derived from the golden sub-graph, while Dream-
LLM and ChatGPT- 4o stick to one style and fail to adapt
based on the input.

4.4. Ablation Study

First, we evaluate the effectiveness of our hierarchical
aligner module by individually removing the node feature
Q-former and the graph structure Q-former. The results,
presented in Table 3, demonstrate that both modules con-
tribute significantly to overall performance. Removing the
graph structure causes a substantial increase in the KL-DV
score while excluding the node features results in a higher
perplexity for text.

To further evaluate the effect of our hierarchical aligner

CLIP-I2 Perplexity CLIP-IT KL-DV
GRAPHGPT-O with GNN 65.53 599.1 22.5 4.83

GRAPHGPT-O with GSQ 71.15 555.7 18.86 0.49

Table 4. The impact of using GNN or graph structure Q-former
(GSQ) for structure information learning in GRAPHGPT-O on
ART500K dataset.

module, a GNN module is used to replace it and the results
are shown in Table 4, which shows that graph structure q-
former is much better.

We then assess the impact of our Personalized PageR-
ank sampling method. From Figure 3, it can be observed
that our proposed Personalized PageRank sampling strat-
egy effectively captures neighbors that contribute most to
the ground truth in terms of texture, artistic style, and visual
consistency. This results in a generated image that more
closely resembles the ground-truth image’s detailed patterns
and overall aesthetic.

4.5. Other Studys

Study of generation with partial node feature guid-
ance. We further conduct a study on the performance of
GRAPHGPT-O with additional node text guidance or node
image guidance. From Figure 4 we can see that the style
and the character information is well-captured.
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Ground-truthSampled Neighbors DreamLLM GraphGPT-o

On A Visit To The Grandmother

A Sick Girl 1928

The Story Of Virginia 1504

Women and children in the woods.

Dantes Hell

An ancient ruin with 
trees surrounding it.

Christ Blesses Bartholomew. 
The artwork depicts Jesus Christ.

3D rendered picture, depicting 
the subject matter very clearly.

Boy With Violin A Summer Day by the 
Riverside

Harmony of Virtues

Reflection by the 
Quiet Lake

ChatGPT 4o

Divine Grace in HarmonyMan With A Book, another 
painting by the same artist, 1526.

The Madonna And Child And Of An 
Architectural Detail Verso

Ringed by the Lord, and in 
His right hand a sceptre.

Figure 2. Qualitative evaluation. Our method exhibits better consistency with the ground truth by better utilizing the graph information
from neighboring nodes.

Figure 3. The impact of sampling strategies. Our proposed personalized PageRank sampling strategy leads to better image-text pair.
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Ground-truth

Generated Image 
with text condition

A Sick Girl 1928

The Hermit 
Dreaming of 

Beauties, 1889.

Generated Text 
with image condition

Figure 4. Study of GRAPHGPT-O generation with auxiliary node
feature guidance: either image or text.

5. Related Work

5.1. Large Language Models on Graphs

Large Language Models (LLMs) have driven substantial
progress in graph learning applications [18, 33]. Graph
data, on the one hand, can be utilized directly to train LLMs
[3, 43]. For instance, models like Heterformer [17] and
Edgeformer [12] introduce graph-enhanced Transformer ar-
chitectures, positioning them as foundational models for
graph-based LLMs. GraphGPT [36] leverages graph struc-
tural data via graph instruction tuning, facilitating robust
generalization across supervised and zero-shot graph learn-
ing tasks. LLaGA [5] employs a parameter-free GNN and
incorporates the graph structure based on the order of node
tokens. Similarly, InstructGraph [39] employs a struc-
tured format verbalizer to encode graph data, enhancing
LLMs in tasks requiring graph reasoning and generation.
GraphAdapter [14] incorporates GNNs as efficient adapters
for LLMs, while GAugLLM [10] advances self-supervised
learning through augmented node features generated by an
MoE module, effectively bridging textual and graph struc-
tures. UniGLM [9] uses structure information to build
positive sample pairs in contrastive learning framework to
train a unified text encoder. ZeroG [22] also utilized LLM
for graph zero-shot transfer learning. GraphWiz [4] equip
LLMs to tackle a broad spectrum of graph problems using
explicit reasoning paths. GLBench [23] provides a fair and
thorough comparison of different LLM for graphs methods.
On the other hand, graph data can be utilized as external
knowledge in a plug-and-play manner with LLMs [19, 30].
For example, Graph Chain-of-Thought [19] proposes an it-
erative framework that enables LLMs to reason, interact,
and operate effectively on graphs. GNN-RAG [30] intro-
duces a retrieval-augmented generation framework [20], us-
ing a GNN retriever to extract knowledge from graph data.
Despite these advances, existing research has primarily fo-
cused on graphs with textual attributes, leaving multimodal
attributed graphs underexplored. G-Refer [24] proposed a
hybrid graph retrieval mechanism to retrieve explicit CF
signals from both structural and semantic perspectives

5.2. Multimodal Large Language Models

Multimodal Large Language Models (MLLMs) have ad-
vanced the field by enabling unified multimodal understand-
ing and generation within a single autoregressive frame-
work [41, 42]. In terms of multimodal comprehension,
models like Flamingo [1] process visual data interleaved
with text, utilizing a gated cross-attention layer to encode
inputs and produce free-form textual output. BLIP-2 [21]
introduces the Q-Former architecture, which maps images
into a hidden space aligned with text tokens in LLMs, while
LLaVA [25] simplifies this framework further with a pro-
jector and explores instruction tuning within the multimodal
domain. Despite these advancements, current MLLMs pri-
marily emphasize text generation and lack the capability to
synthesize multimodal outputs (e.g., images). To address
this, DreamLLM [7] integrates an LLM backbone with a
diffusion model to enable image generation as a multimodal
output. Emu2 [35] scales this architecture to 37B parame-
ters, demonstrating strong multimodal in-context learning
and the ability to handle complex tasks requiring real-time
reasoning, such as visual prompting and object-grounded
generation. Chameleon [37] proposes a stable training strat-
egy from the ground up, featuring an alignment process
and architectural parameterization tailored to early-fusion,
token-based, mixed-modal settings. Nevertheless, most ex-
isting approaches overlook the relational dynamics between
text and images, limiting their applicability to multimodal
content generation tasks on multimodal attributed graphs
(MMAGs).

6. Conclusions

In this paper, we address the challenge of multimodal con-
tent generation on multimodal attributed graphs (MMAGs).
To this end, we propose a graph-enhanced multimodal large
language model, GRAPHGPT-O, designed with the fol-
lowing components: (1) A personalized PageRank-based
sampling strategy to extract informative neighbors from
the graph, effectively mitigating the challenge of graph
size explosion; (2) A transformation mechanism that en-
codes graph information as sequences, employing either
linearization or deep graph encoding with a hierarchical
aligner, thereby addressing the non-Euclidean nature of
graphs and hierarchical modality dependencies; (3) Dual
inference modes supporting both sequential and parallel in-
ference to alleviate inference dependency issues. We con-
duct comprehensive experiments on MMAGs within art
and e-commerce domains, demonstrating the effectiveness
of our approach against strong baseline methods. Future
work includes extending MLLMs for discriminative tasks
on MMAGs and capturing the complex heterogeneous rela-
tions between texts and images within these graphs.
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