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Abstract

Recent advancements in large language mod-
els (LLMs) have showcased remarkable text
generation capabilities. However, due to the
inherent ambiguity of natural language and the
unstructured nature of text modality, LLMs
still struggle to integrate structured informa-
tion (e.g., graphs) effectively. This hinders
their ability to leverage high-quality structured
data in specialized domains. Thus, recent re-
search has explored various methods to inte-
grate graph structures into LLMs to improve
generation. However, existing methods typi-
cally compress the graph’s structural informa-
tion into only a single token, which is concate-
nated with detailed text tokens for LLMs, re-
stricting their ability to capture deep semantic
and structural information. To overcome these
limitations, we propose GRaph-Augmented
Fine-grained Fusion (GRAFF), a novel method
that integrates fine-grained node-level struc-
tural information with corresponding text en-
tities to LLMs via a lightweight, structure
adapter module. Specifically, we introduce a
dual-channel graph input mechanism to sepa-
rate structural and semantic components for
graph encoding, producing more expressive
graph representations. We then incorporate a
graph attention (GAT) module into LLMs’ in-
termediate decoder layers to process structural
information, enhancing the model’s capability
in graph-based question answering. Extensive
experiments show that GRAFF significantly im-
proves LLMs’ graph-understanding ability in
question answering, outperforming baselines
by an average of 10.14% across four datasets.
The official code for this work is available at
https://github.com/hcpv/GRAFF.

1 Introduction

Recently, large language models (LLMs) have rev-
olutionized numerous areas with their strong text-
generation capabilities (Devlin et al., 2019; Brown
et al., 2020). Leveraging the expressive power of
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Figure 1: Traditional methods for integrating graphs
into LLMs rely on verbalizers to flatten the graph into
text. While this approach is simple, it fails to capture
the complex structural relationships within the graph.
Graph Pooling based methods compress the graph into
a single token before being input into the LLM, limiting
the GNN’s ability to capture the complex semantics of
individual nodes. GRAFF addresses the limitations of
previous methods while preserving their advantages.

language, the versatility of next-token prediction
training (Radford, 2018), and autoregressive gener-
ation, LLMs achieve state-of-the-art performance
on text tasks. However, due to the inherent am-
biguity of natural language and the unstructured
nature of massive noisy text data used in training,
LLMs are prone to generate hallucinated contents,
particularly in highly specialized areas where the
domain data is limited (Wang et al., 2024b). This
drawback not only hinders the reliability of LLMs
but also prevents them from leveraging high-quality
structured data annotated in downstream applica-
tions (Kasai et al., 2024; Dhingra et al., 2022).

To mitigate hallucinations and improve the per-
formance of LLMs on unfamiliar tasks and knowl-
edge, various methods have been proposed (Wei
et al., 2021; Houlsby et al., 2019; Hu et al., 2021a;
Wang et al., 2023b; Lewis et al.,, 2020). An
overview of previous methods can be found in
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https://github.com/hcpv/GRAFF

Figure 1. Among them, retrieval-augmented gen-
eration (RAG) (Guu et al., 2020; Lewis et al.,
2020; Shuster et al., 2021) has gained significant
attention for its ability to improve LLM perfor-
mance by retrieving information from dynamic
data sources. Building on RAG, a growing line
of work has proposed to retrieve structured infor-
mation from graph-based data sources, and directly
verbalize the retrieved graph as flattened text in-
puts to LLLMs (He et al., 2023). However, this
verbalization-based paradigm makes it hard for
LLM:s to capture fine-grained, structured relation-
ships among entity nodes in the graph, limiting
their effectiveness in complex question-answering
tasks (Dziri et al., 2023; Wang et al., 2024a). This
challenge has motivated research into more effec-
tive fusion methods for integrating graph structure
directly into modern LLMs.

An alternative line of work addresses this by
learning neural components that encode graphs into
embeddings for augmentation (Guo et al., 2023;
Stechly et al., 2023; Fatemi et al., 2023). Recent ap-
proaches such as GraphToken (Perozzi et al., 2024),
GRAG (Hu et al., 2024), and G-Retriever (He et al.,
2024) leverage graph attention networks (GAT's)
to encode graphs as soft prompts or prefixes to
LLMs, outperforming verbalization-based meth-
ods on graph QA tasks. However, these methods
face key limitations. They typically encode graphs
only into shallow layers of LLMs, limiting access
to deeper semantic information that emerges in
later layers (Jin and Rinard). Furthermore, most
approaches adopt a graph-pooling paradigm that
compresses the graph into a single embedding to-
ken prepended to text inputs, which, while efficient,
often loses the fine-grained graph signal. Moreover,
models like G-Retriever use a separate encoder
(e.g., BERT) for graph nodes, leading to misalign-
ment between graph and language representations.

To address these challenges, we propose
GRAFF, a lightweight, structure-aware module
for integrating fine-grained node-level information
from retrieved graphs into LLMs. GRAFF fol-
lows parameter-efficient fine-tuning principles by
introducing a plug-in adapter at intermediate LLM
layers alongside a modified input schema. It em-
ploys a dual-channel graph input strategy that sep-
arates a text-attributed graph input into structural
and textual components. A lightweight GAT mod-
ule encodes the structural channel and injects the
resulting embeddings into the LLLM at an interme-
diate decoder layer. This design offers two key

advantages: (1) it eliminates embedding space mis-
alignment by reusing LLM’s own embeddings for
graph encoding, avoiding reliance on external en-
coders; and (2) it enables seamless integration at
deeper layers to fuse structural and semantic infor-
mation for improved graph-based QA performance.

We conduct extensive experiments on three pub-
licly available real-world datasets and one syn-
thetic dataset for graph-based question answering.
The real-world datasets include WebQSP (tau Yih
et al., 2016), ExplaGraph (Saha et al., 2021), and
SceneGraph (Hudson and Manning, 2019). The
synthetic dataset contains counterfactual examples
created by perturbing graph nodes to produce al-
tered answers. Experimental results show that in-
corporating GRAFF improves LLMs’ QA perfor-
mance over fine-tuning methods such as LoRA or
G-Retriever by at least 3.77% on the real-world
datasets. More notably, GRAFF outperforms other
fine-tuning methods by at least a 36.19% on the
counterfactual synthetic dataset. This substantial
gain suggests that the adapter effectively guides
the LLM to rely on graph-structured information
rather than its memorized pretraining knowledge on
graph-related questions. Furthermore, we conduct
comprehensive ablation and hyperparameter stud-
ies to better understand the sensitivity of GRAFF.

In summary, our contributions are threefold:

* We propose GRAFTF, a lightweight adapter that
fuses text-attributed graphs into the intermediate
decoder layers of LLMs, enhancing their graph-
understanding ability.

* GRAFF introduces a novel dual-channel graph
input approach, which separates the structural
and textual components of graph nodes within
the LLM’s input.

* Extensive experiments show that GRAFF signif-
icantly improves the graph-understanding abil-
ity of LLMs in graph-based question answering,
outperforming the strongest baseline by an aver-
age of 10.14% across four datasets.

2 Method

This section details the proposed GRAFF. Figure 2
shows an overview of the architecture. The central
idea is to incorporate text-attributed graphs directly
into the LLM’s generation process. We begin by
outlining the preliminaries of graph attention net-
works (GAT; §2.1) and the preprocessing steps used
to encode graph structure (§2.2). We then describe

5537



the design of our GRAFF module (§2.3) and the
training procedure for GRAFF (§2.4).

2.1 Preliminary: Graph Attention Network

The graph attention network (GAT) (Velickovié
et al., 2017) is widely used for encoding graph-
structured information. In this work, we leverage
the GAT architecture to design the key encoding
module for encoding text-attributed graphs in our
GRAFF. We define an input graph as G = (V, E),
where V' = {v;}*; is the set of nodes and £ =
{eij | vi,vj € V'} is the set of edges. Here, v; de-
notes the ¢-th node, n,, is the total number of nodes
in the graph, and ¢;; denotes a relational edge
between v; and v;. Notably, edges can be hetero-
geneous, encoding different types of relations be-
tween nodes. Additionally, let /(i) denote a set of
neighbors of node v;, excluding self-connections.

The main function of GAT is to aggregate infor-
mation from adjacent nodes and encode the struc-
tured information into the node representation. To
do so, we present the layer-wise computation of a
GAT block as follows:

h{+Y = GAT® (hﬁ‘),N (z‘)) 1)
3 a'win{ e rY
JEN(3)
0 P (f (j))
o) = D eR ()
ZkEN(i) exp (fik )

! T 1)yl 1, (1 N
fi(j) =0 (a [Wé)hg);Wé)hﬁ);Wé)eﬁj)D 3)
where o is a non-linear activation function such
as the LeakyReLLU function, w, W,(f) , Wg) €
R4 a € R3? are all learnable parameters at the
[-th layer of the GAT, and [ € [0, L].

2.2 Graph Preprocessing

Following G-Retriever (He et al., 2024), our model
considers the input of the text-attributed graph in
which each node or edge is associated with a text
label. However, due to the LLM’s tokenization, the
text label of a node may be tokenized into a span
of sub-word tokens. We denote the text spans of
anode and an edge as text(v;) = [x@, e ,:):,gi)] ,
text(e; j) = [yY’”, Ty y,gj’”

$,(j),y,?’j ) are text tokens, and ¢, and ¢, are the
lengths of the text spans. Our method starts by
preprocessing the graph nodes and edges to prepare

the input embeddings for the GAT module.

} respectively, where

Firstly, we use average pooling to aggregate text
embeddings of different tokens into a single vector
to obtain the input for GRAFF. We reuse the LLM
itself to encode the text spans of a node and an edge,
i.e., embed(v;) = [scgi), cee ccgz)
[’ygi’j)’ e 7yt(z7j)
embeddings of a node v; and an edge ¢; ; to the
GAT module as:

,embed(e; ;) =

} . Next, we formulate the input

t
]. Y 7 d
h;:EE z\) e R 4)
k=1
1< i)
_ 2, d
€ =7 kE—l Yy, eR (5)

where d is the LLM’s hidden dimension. We ap-
ply this process at the initial input stage no matter
which layer we add our adapter to. This reduces
the number of input tokens for each node and edge
and simplifies the internal structure of the model.

2.3 GRAFF

We present our GRAFF, beginning with the dual-
channel graph input method (§2.3.1), which en-
hances the representation of graph signals to LLM.
We then present the GAT module (§2.3.2), which
enables the LLM to capture multi-hop structural
information. Finally, we describe how this infor-
mation is re-integrated into the LLM (§2.3.3).

2.3.1 Dual-Channel Graph Input

To disentangle the graph-structured information
from the semantic information of nodes’ and edges’
text spans, we propose the Dual-Channel Graph
Input method to encode these two types of infor-
mation separately. Specifically, we consider a text-
associated graph G = (V, E') where an edge span
can be represented as a text span consisting of a
head node, a relation, and a tail node. The con-
ventional way to consider relational edges as input
to LLMs is to directly concatenate the text embed-
dings of all edge spans in the graph.

Gexi = [embed(v;), embed(e; j), embed(v;),
: -], Vem- eFE (6)

where Giexy € RL9%4d, L, is the total number of
text tokens for the flattened graph. The encoded
flattened text-graph, together with the question,
is passed to the LLM for generating the answer.
However, this single-channel input method has no
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Figure 2: Overview of GRAFF. Given an input text-attributed graph and a question, we first construct a Dual
Channel Graph to separately encode structural and textual information. Structural inputs (blue tokens), textual inputs
(yellow tokens), and the question (violet tokens) are fed into the model. These are processed through the first D
decoder layers of the LLM. At the D' layer, the GAT module operates over the structural tokens to inject multi-hop
graph information into their hidden representations. The updated states are then passed through the remaining LLM
layers. This allows GRAFF to enhance reasoning by combining graph structure with language semantics.

explicit way to consider multi-hop structured in-
formation in the graph and does not effectively
separate language semantic information and graph-
structured information.

To overcome this, we propose to add an addi-
tional channel of input for the graph structures,
which is the preprocessed single-token representa-
tion of the graph, denoted as:

Gagg = [h/» e h;-, .- -], Vem cF (7)

22 /L'vj’

where Gygy € R3IF1%d denotes the representations
of the aggregated graph. This aggregated graph
channel of input will be used by the GAT module
to further encode graph-structured information. Fi-
nally, we concatenate both channel inputs and pass
them to the LLM decoder.

Ginput = [Gagga Gtext] € R(L9+3‘E|)Xd (8)

Notably, we place the G, at the beginning of
Giinput, which allows us to easily extract the corre-
sponding node embeddings based on their indices
in the combined sequence. This also simplifies our
processing to extract the node embeddings for the
GAT adapter in Eq. (10) in the following subsec-
tion.

2.3.2 GAT Process

We use LLMs to encode the dual channel inputs
obtained from Eq. (8), and add the GAT module at
the D-th decoder layer, where D is a user-tunable
hyperparameter. Formally, we denote the processed
graph input channel as:

Ge(lng) = [hz(»D) e? pl

D)
AW AR ALY B

R Vem‘ ck (9)

where hz(-D) is the single-token representation for
node v; at the D-th LLM decoder layer. We then
pass the embeddings of each node hZ(D) to the
GAT module to process structural information. We
also perform a downsampling to ensure that our
lightweight GAT module uses a smaller hidden di-

mension than the LLMs’ hidden dimension.

hgggwn = Wdownhl('D) +b (10)
higxr = GAT (A{, N()) (1)

2.3.3 Graph-LLM Integration
After we obtain the GAT processed structural em-
beddings for all nodes {hglggﬂ}viev, we integrate
them back into the subseéluent LLM layers. In-
spired by Wang et al. (2023a), we propose the
following integration method. First, we project the
GAT output embeddings back to the LLM embed-
ding space by a linear upsample layer as follows:
h{D) = Wph{ Oy + b e R

iup (12)
where W, € R is a learnable up projection
matrix and b € R? is learnable bias term.
Subsequently, we add the GAT-processed node
embeddings back to the LLM embedding through
a residual connection to maintain the staleness of
the network as follows:
D D) D)
h(® « h!" 1 n!

d
iy € RY. (13)

After this residual connection, the updated node
embedding h{® has fused the graph-structured

i
information and is passed through the remaining
LLM layers higher than the D-th layer.
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2.4 Training

We use supervised fine-tuning to train our GRAFF
with a base LLM on a graph-annotated dataset,
consisting of (G, @, A) tuples. Specifically, given
a question input () and a structured graph input
G, the model generates an answer sequence A =
(a1, as, ..., a,) autoregressively. The input to the
LLM consists of both the textual and structured
graph representations as processed by Eq. (8). The
generation process is defined as:

p0,¢(A‘Q7 G) = Hp9,¢(ai’a<i7 Q, Ginput)7

=1

where ¢ is the trainable GRAFF, and @ is the frozen
LLM parameters. The training only updates ¢ to
minimize the negative log-likelihood loss:

L(¢) == logppg(ailaci,Q, Ginpu). (14)

=1

3 Experiment

We conduct extensive experiments to compare the
performance of different models in this section.
Additionally, we conduct hyperparameter studies
(§3.3) and ablation studies (§3.4) to evaluate the
effectiveness of GRAFF.

3.1 Experiment Setup

3.1.1 Dataset and Task

We evaluate our method on the GraphQA bench-
mark (He et al., 2024), which consists of three
text-attributed graph datasets: ExplaGraphs (Saha
et al., 2021), SceneGraphs (Hudson and Manning,
2019), and WebQSP (tau Yih et al., 2016). Expla-
Graphs includes commonsense-augmented graphs
designed for commonsense reasoning tasks, while
SceneGraphs contains visual scenes using textual
object-attribute relationships. WebQSP contains
multi-hop questions over structured knowledge
graphs. Strictly following the retrieval setup of
G-Retriever (He et al., 2024), we use the same re-
trieved graphs as G-Retriever for SceneGraphs and
WebQSP. We report QA accuracy for ExplaGraphs
and SceneGraphs, and Hit@1 for WebQSP. The
dataset statistics are summarized in Table 2.

To further evaluate the effectiveness of GRAFF,
we introduce SyntheticGraph, a synthetic graph
dataset derived from ExplaGraphs. This dataset
introduces counterfactual information in both the

graph and the questions, serving as a challeng-
ing dataset for assessing the LLM’s ability to rely
solely on the provided graph rather than its pre-
trained knowledge. We construct SyntheticGraph
by shuffling the nodes and corresponding argu-
ments in the original questions from ExplaGraphs
while preserving the original edge connections.
This transformation ensures that the reasoning path
remains valid and the correct answer is unchanged,
while simultaneously disrupting shallow linguistic
cues in the context. As a result, the model can-
not rely on memorized textual patterns from pre-
training but must effectively utilize the structured
information in the graph.

3.1.2 Implementation Details & Baseline

All experiments are conducted on a single NVIDIA
A40 GPU with 48 GB of memory. We use LLaMA-
3.2-3B (LLaMATeam, 2024) as the base language
model, and employ a 2-layer Graph Attention
Network (GAT) with 4 attention heads per layer
and a hidden dimension size of 3,072 to encode
the input graph. The entire model, including the
adapter module, is fine-tuned end-to-end using
the training split provided in the GraphQA bench-
mark introduced by G-Retriever (He et al., 2024).
We optimize the model using the AdamW opti-
mizer (Loshchilov and Hutter, 2019) with an initial
learning rate of le-5 and a weight decay of 0.05.
Each experiment is run for up to 10 epochs with
a batch size of 2 and is repeated across 4 random
seeds to ensure robustness.

We compare a comprehensive set of strong base-
lines grouped into three categories:

* Inference Only: Methods that operate LLMs
without any task-specific fine-tuning, includ-
ing Zero-Shot (Base), Zero-Shot (Chat) using
the base and chat versions of LLaMa-3.2 (3B),
and KAPING (Baek et al., 2023).

* Tuning LLMs without GNN: Methods that
adapt the LLM using parameter-efficient tun-
ing strategies without leveraging graph struc-
ture; this includes Prompt Tuning (Li and
Liang, 2021) and LoRA (Hu et al., 2021b).

* Tuning LLMs with GNN: Methods that inte-
grate graph structure explicitly through GNN
modules into LLMs for fine-tuning, such
as GraphToken (Perozzi et al., 2024), KG-
Adapter (Tian et al., 2024), GRAG (Hu et al.,
2024), G-Retriever (He et al., 2024), and our
proposed method GRAFF.
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Category Method WebQSP ExplaGraph SceneGraph Synthetic Graph
Zero Shot (Base) 32.7 13.5 33.1 11.1

Inference Only Zero Shot (Chat) 53.4 52.6 50.7 44.7
KAPING* 52.6 62.2 43.7 -

. Prompt Tuning 57.9 60.2 58.3 50.3
LLM

Tuning LLMs w/o GNN pa 711 88.9 853 583
GraphToken* 57.1 85.1 49.1 -
KG-Adapter* 68.7 - - -

Tuning LLMs w/ GNN GRAG 68.9 88.9 - -
G-Retriever 67.4 83.7 82.3 56.4
GRAFF 72.2 92.5 90.2 79.4
Relative % Gain (Best vs 2nd) +1.5 +4.1 +5.7 +36.2

Table 1: Performance comparison with different baselines. Bold values indicate the best performance, while
underlined values denote the second-best. Results for methods marked with * are taken from their original
publications; all other results are based on our implementations using the LLaMA-3.2-3B model.

Dataset WebQSP ExplaGraph SceneGraph
#Graphs 4,737 2,766 100,000
Avg. #Nodes 8.39 5.17 8.21
Avg. #Edges 8.16 4.25 12.00

Table 2: Statistics of the experiment datasets.

3.2 Results and Analysis

The main results are summarized in Table 1, show-
ing that LLMs enhanced with GRAFF consistently
achieve the best performance across all datasets
in the GraphQA benchmark. Among methods
in the Tuning LLMs with GNN category, GRAFF
outperforms all competing approaches, including
GRAG and G-Retriever, by an average margin of
6.3%. When compared across all categories, in-
cluding Inference Only and Tuning LLMs without
GNN, GRAFF achieves an average improvement of
3.77% over the best-performing baseline, LoRA.

The most substantial gains are observed on the
Synthetic Graph dataset, where GRAFF surpasses
the strongest baseline by 36.2%. This highlights
the model’s superior capacity for reasoning under
counterfactual perturbations and its ability to effec-
tively leverage fine-grained structural signals at the
node level. Overall, the results demonstrate that
integrating node-level graph information at inter-
mediate layers of the LLM enables more consistent
and accurate multi-hop reasoning across both real-
world and synthetic graph-based QA tasks. We
further report performance variability and statisti-
cal significance tests for all datasets in Appendix A.
To assess whether these improvements are specific

to the LLaMA-3.2-3B backbone, we additionally
report results using an alternative LLM backbone
in Appendix B.

~@- GRAFF
LoRA
~@- GRetriever

==

T T T T
1-hop 2-hop Q1 Q2 Q3 Q4
#hops Edge-Count Quantiles

Hit@1 (%)

Figure 3: Comparison of Hit@1 results among GRAFF,
LoRA and G-Retriever across two settings: (left) query
complexity measured by hop count; and (right) graph
size measured by four edge-count quantiles.

3.21

We analyze the multi-hop reasoning capability of
GRAFF across datasets with varying graph com-
plexity. WebQSP provides explicit hop annota-
tions, consisting of approximately 65% one-hop
and 35% two-hop questions, making it well-suited
for controlled hop-based analysis. In contrast, Ex-
plaGraphs (Saha et al., 2021) exhibits substan-
tially more complex reasoning structures, with
58% of questions involving non-linear explana-
tion graphs and an average graph depth of approxi-
mately four. Similarly, while explicit hop statistics
are not reported for the Scene Graph dataset, prior
work (Khan et al., 2025) shows that stepwise rea-
soning with up to I" = 3 iterations is required to
achieve optimal performance, indicating reasoning
beyond simple two-hop paths.

Given the clarity of hop supervision in WebQSP,
we focus our quantitative hop-wise evaluation on

Multi-Hop Question Analysis
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this dataset for interpretability. Figure 3 (left)
presents the performance breakdown based on hop
count on WebQSP.

For one-hop questions, GRAFF achieves a 1.3%
improvement over the strongest baseline (LoRA),
demonstrating its effectiveness on straightforward
queries. The performance gap widens significantly
for two-hop questions, where GRAFF outperforms
the best baseline by 3.4%. This result is particularly
notable, as multi-hop reasoning requires integrat-
ing fine-grained information across multiple nodes
and relations, posing challenges for graph-pooling-
based approaches such as G-Retriever. The strong
gains on WebQSP, together with competitive perfor-
mance on ExplaGraphs and Scene Graph datasets,
indicate that GRAFF effectively generalizes be-
yond two-hop and linear reasoning structures, even
though we restrict explicit hop-wise analysis to
WebQSP for simplicity.

3.2.2 Effect of Graph Size on Performance

We further analyze how model performance varies
with different levels of edge density in the retrieved
graphs. To this end, we partition the WebQSP
dataset into four quantile-based buckets (Q1-Q4)
based on the number of edges in each graph, where
Q1 contains graphs with the fewest edges (2—6) and
Q4 contains the most densely connected graphs
(18-25 edges). Figure 3 (right) reports the Hit@1
performance for GRAFF, LoRA, and G-Retriever
across these buckets. GRAFF performs consis-
tently well across all quantiles and particularly
achieves the largest gains in Q3 and Q4, which
correspond to structurally more complex graphs.
These results highlight GRAFF ’s robustness and
ability to scale effectively with increasing graph
complexity.

3.3 Hyper-parameter Study

Next, we examine how the placement of GRAFF
at a specific decoder layer D and the depth of the
GAT module impact the model’s performance.

3.3.1 Placement of GRAFF

To analyze the effect of layer placement, we exper-
iment with inserting GRAFF at different decoder
layers. The results, shown in Figure 4 (left), in-
dicate that placing GRAFF in the 6th-8th decoder
layers yields the best performance, with accuracy
peaking in this range. This suggests that mid-to-
deep layers capture richer semantic and structural
information, which is crucial for effective graph-

based reasoning. However, inserting GRAFF closer
to the output prediction head leads to a consis-
tent decline in accuracy. We hypothesize that, at
such top-layer placements, the fusion of graph-
structured information into the LLM is insufficient.

N
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3
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25 5.0 7.5 100 125 15.0 1 2 3 4 5 6
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Figure 4: Impact of GRAFF placement and GAT mod-
ule depth on model accuracy on WebQSP.

3.3.2 GAT Depth

We also analyze the impact of GAT module depth
by varying the number of layers from 1 to 6, with
results shown in Figure 4 (right). Our observations
indicate that a lightweight GAT module (1-3 lay-
ers) achieves the best performance, with accuracy
peaking at 2 layers. However, increasing depth
beyond this results in a decline, likely due to over-
smoothing of GNN (Rusch et al., 2023), where
node representations become too homogeneous.

3.4 Ablation Study

In this section, we present the results of our abla-
tion studies. We train two variants of GRAFF: the
first, where GRAFF is placed between all decoder
layers, and the second, where only a single graph
input, processed by GRAFF, is passed through the
model. We also train variants of GRAFF by remov-
ing either structural or textual channel inputs.

3.4.1 Fusion in One vs. All Layers

In this study, we evaluate the performance of
adding the GAT component to all layers compared
to adding it to a single layer. The results are pre-
sented in Table 3. The results indicate that applying
GRAFF to all layers leads to a significant perfor-
mance drop. This decline occurs because inserting
GAT modules between all decoder layers substan-
tially increases the number of trainable parameters,
even when efforts are made to keep the parameter
count within a comparable range. The resulting
model becomes harder to train effectively given the
limited amount of training data, leading to insta-
bility. Additionally, the all-layers approach may
cause the adapter to capture unnecessary informa-
tion from both shallow and deep layers, potentially
confusing the model and impairing learning.
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Model ExplaGraph SceneGraph
LoRA 88.98 85.27
GRAFF- All Layer 89.96 85.66
GRAFF- Specific Layer 92.50 90.29

Table 3: Ablation Results of Hit@1 for fusion of
GRAFF in one vs. all LLM decoder layers on two
datasets: ExplaGraph and SceneGraph.

3.4.2 Dual vs. Single-Channel Graph Input

To evaluate the effectiveness of our GRAFF, we
compare it against two single-channel variants of
our method: (1) a model that uses only structural
information of the retrieved graph, encoded by a
tunable GAT; and (2) a model that uses only tex-
tual information of the retrieved graph alongside
with a list of tunable prompt tokens. As shown in
Table 4, the dual-channel model outperforms the
best-performing single-channel variant by a sub-
stantial margin of 24.82%. The results demonstrate
that the dual-channel graph input enables more ef-
fective integration of both structural and textual
information from a text-attributed graph, leading
to significantly improved reasoning capabilities.

Model ExplaGraph SceneGraph
Dual Channel Graph Input 92.5 90.2
Structure-Only Input 72.9 64.6
Text-Only Input 60.2 58.3

Table 4: Ablation Results of Hit@1 for single- vs.
double-channel inputs on ExplaGraph and SceneGraph.

4 Related Work

4.1 Knowledge Graph Question Answering

Knowledge Graph Question Answering (KGQA)
aims to answer natural language questions by
leveraging structured information from knowledge
graphs (KGs), often by translating questions into
executable queries to retrieve relevant informa-
tion from KGs (Lan et al., 2021). Recent meth-
ods based on pre-trained language models (PLMs)
such as BERT have improved multi-hop KGQA
by jointly modeling subgraph retrieval and rea-
soning. For instance, UniKGQA (Jiang et al.,
2023b) integrates these two stages into a single
unified framework, while ReasoningLM (Jiang
et al., 2023a) integrates KG structure into self-
attention, eliminating the need for learning external
GNN . In contrast, GreaseLM (Zhang et al., 2022)
fuses GNNs with encoder-only language models

such as RoOBERTa via modality-interaction layers,
enabling fine-grained cross-modal reasoning for
classification-style question answering.

LLM-based approaches further advance KGQA
by enabling more faithful and interpretable rea-
soning. ChatKBQA (Luo et al., 2024a) employs
a generate-then-retrieve strategy to better align
question intent with KG grounding. Reasoning-
on-Graphs (Luo et al., 2024b) improves trans-
parency through explicit relation path planning,
while Think-on-Graph (Sun et al., 2024) conceptu-
alizes the LLM as an agent that iteratively explores
the KG via dynamic path expansion.

Despite their effectiveness, these methods of-
ten rely on structured query generation or sym-
bolic reasoning components, which can be brit-
tle and complex. In contrast, GRAFF introduces
a lightweight, decoder-only architecture that inte-
grates latent graph structure directly into the LLM.
This enables robust, end-to-end reasoning over text-
attributed graph inputs and generalizes beyond tra-
ditional KGQA settings.

4.2 Graph Enhanced LLMs

To improve factual consistency and mitigate hallu-
cinations in large language models, recent research
has explored integrating structured graph knowl-
edge directly into LLMs. Figure 1 illustrates the
three main categories of architectural strategies de-
veloped for this purpose.

The first category, verbalizer-based methods,
transforms graph structure into natural language
prompts, enabling off-the-shelf LLMs to op-
erate over textualized representations of the
graph (Mavromatis and Karypis, 2024; Fatemi
et al., 2023) without further fine-tuning. While
simple and training-free, the verbalization process
often loses complex, structured information such as
node density degrees, and often struggles to capture
fine-grained relational semantics among nodes.

The second category, graph pooling based meth-
ods, encodes the entire graph into a single latent
embedding using a graph neural network, which
is then prepended as input to the LLM (Perozzi
et al., 2024; He et al., 2024; Tian et al., 2023; Hu
et al., 2024). Although more structure-aware than
verbalization, this approach compresses the rich
relational information of variable-sized graphs into
a single token, often leading to significant infor-
mation loss. Furthermore, the combination of this
coarse graph-pooled token with fine-grained textual
tokens within the LLM often results in representa-
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tion misalignment.

In contrast, GRAFF adopts a fine-grained fusion
strategy with a modular architecture. It disentan-
gles structural and textual inputs via a novel dual-
channel mechanism and integrates a lightweight
graph attention network at an intermediate decoder
layer. This design enables node-level graph repre-
sentation, promotes semantic alignment with de-
tailed text tokens within the LLM, and supports
more robust and generalizable reasoning across di-
verse graph-centric tasks.

5 Conclusion

In this work, we present GRAFF, a novel graph fu-
sion approach that enhances the LLMs’ graph rea-
soning capabilities by integrating structured knowl-
edge through a lightweight, multi-hop structure-
aware module. Our method introduces a dual-
channel graph input strategy to separate structural
and textual components of text-attributed graphs,
enabling more effective graph encoding, and incor-
porates a graph attention network module into in-
termediate decoder layers of LLMs for deep fusion.
Extensive experiments demonstrate that GRAFF
significantly improves LLMs’ graph understanding,
outperforming the strongest baseline by 10.14%
across four datasets.

6 Limitation

While GRAFF achieves promising results, it also
presents several limitations that warrant further in-
vestigation. A primary constraint stems from the
Dual-Channel Graph Input mechanism, which pre-
processes the input graph into two separate chan-
nels—one capturing structural information and the
other encoding semantic content. Although this de-
sign enhances the integration of structured knowl-
edge, it substantially increases the number of input
tokens. As the graph size grows, the token count
scales accordingly, resulting in higher computa-
tional costs and memory consumption. This is-
sue becomes especially pronounced when handling
large or complex graphs, potentially hindering the
model’s efficiency in long-context scenarios. In this
paper, we demonstrate the effectiveness of GRAFF
on small-sized sub-graphs retrieved from a much
larger graph. Future work should explore strategies
for improving the token efficiency of graph repre-
sentations to address these scalability challenges.
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A Statistical Significance Analysis

To assess the robustness and statistical significance
of our results, we report performance variability
and conduct hypothesis testing across all datasets.
Each experiment is repeated over four random
seeds, and results are reported as mean perfor-
mance along with standard deviation. We fur-
ther perform two-sided Welch’s t-tests comparing
GRAFF against the strongest competing baseline
on each dataset.

Table 5 summarizes the results. Across all bench-
marks, GRAFF consistently outperforms the best
baseline with statistically significant improvements
(p < 0.05), indicating that the observed gains are
unlikely to arise from random variation.

Dataset Ours Baseline  p-value Sig.

WebQuestions 72.2 + 0.55 71.1 £0.52 0.0444 Yes
ExplaGraphs 92.5+0.70 88.9 +1.54 0.00002 Yes
Scene Graph  90.2 +0.22 85.3 £2.78 0.0181 Yes
Synthetic 79.4+£1.73 58.3+£1.17 0.0016 Yes

Table 5: Statistical significance analysis comparing
GRAFF with the strongest competing baseline on each
dataset. Results are reported as mean + standard de-
viation over four random seeds. All improvements are
statistically significant under Welch’s t-test (p < 0.05).

B Results on a Different Backbone

In addition to our primary experiments using
LLaMA-3.2-3B, we report results on an alternative
LLM backbone to assess whether the effectiveness
of GRAFF is specific to a particular architecture.
Specifically, we evaluate GRAFF using Qwen-2.5-
3B, which has a comparable parameter scale but
differs in architecture and pretraining.

We conduct experiments on WebQSP and Expla-
Graphs and compare GRAFF against LoRA and
G-Retriever under the same experimental setup. Ta-
ble 6 presents the results. On WebQSP, GRAFF out-
performs the strongest baseline by 3.3 points (5.3%
relative improvement), while on ExplaGraphs it
achieves an 8.0-point gain (10.1% relative improve-
ment).

Method WebQSP ExplaGraphs

LoRA 60.5 79.7
G-Retriever 61.9 79.0
GRAFF 65.2 87.0

Table 6: Performance comparison on Qwen-2.5-3B
across different methods.
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