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ABSTRACT

GraphRAG is an extension of retrieval-augmented generation (RAG) that sup-
ports large language models (LLMs) by referring to graph-structured data as ex-
ternal knowledge. While this technique ideally captures intricate relationships,
it often struggles with graph representations for LLMs, particularly for frozen
LLMs, due to the misalignment between graph-based and text-based latent fea-
tures. We tackle this issue by introducing the Adaptive-masking for Graph Em-
bedding (AGE). AGE employs a Transformer in a mask-based self-supervised
learning (SSL) approach. We designed the architecture similar to text embed-
ding encoders, addressing the latent feature misalignment. In contrast to natural
language texts, graphs are concise representations, and there exist key nodes that
hold dominant contextual information, which are challenging to predict from their
surroundings. Masking such key nodes leads to inefficiency in the SSL process.
Therefore, AGE focuses on predicting nodes apart from key nodes, utilizing a
learnable node sampler. Our experimental results indicate that AGE significantly
improves approaches using non-parametric search component in GraphQA tasks,
achieving superior accuracy across four benchmark datasets with distinct charac-
teristics.

1 INTRODUCTION

Large Language Models (LLMs) such as GPT-4 OpenAI (2024), Gemini Team et al. (2023), and
LLaMA Grattafiori et al. (2024) have significantly advanced natural language understanding and
generation capabilities. Retriever-Augmented Generation (RAG) Fan et al. (2024); Gao et al. (2024);
Wu et al. (2024a) integrates query-relevant information into the generation process, enabling LLMs
to access and utilize domain-specific knowledge beyond their pretraining corpus. However, although
RAG enhances LLMs with external data, it may struggle to capture essential structured relationships,
reducing search precision and reasoning effectiveness Zeng et al. (2024); Yao et al. (2024). Graph
Retriever Augment Generation (GraphRAG) Edge et al. (2024); Mavromatis & Karypis (2024) is a
technology that uses graphs to overcome the limitations of RAG. Graph data, represented by nodes
(entities) and edges (relationships), clearly presents complex relationships. This provides several
benefits, such as facilitating data integration Hu et al. (2024), improving search accuracy Han et al.
(2025a); Cao et al. (2025), enhancing inference capabilities Guo et al. (2025); Han et al. (2025b),
and reducing hallucinations He et al. (2024). By capturing sub-graphs, the broader context and
interconnections within the graph structure can be captured, enabling comprehensive information to
be accessed for LLMs enhance the performance in domain-specific tasks.

This study investigates GraphRAG methods that operate within practical computational costs. Fine-
tuning LLMs can enhance GraphRAG performance, yet it is resource-intensive. Instead, previous
methods often focused on the retrieval module as it is a key factor for GraphRAG performance.
Trainable retrievers, such as LLM-based retrievers Sun et al. (2024); Luo et al. (2024) realize a
higher retrieval accuracy. However, this strategy still requires significant computational overhead.
Non-parametric retrievers He et al. (2024); Yasunaga et al. (2021) are efficient and low-cost but may
contain redundant or missing critical nodes, leading to the lack of explicit structural constraints.
To maintain practicality, we base our method on non-parametric retrievers with frozen LLM, and
improve performance of structural representation by updating the graph embedding module. Em-
beddings play a crucial role in bridging the gap between retrieved graph data and the LLM input
space. Multiple methods He et al. (2024); Perozzi et al. (2024) use graph embedding together with
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Figure 1: Overview of GraphRAG with the proposed Adaptive-masking for Graph Embedding
(AGE) embedding. 1) Retrieval: Find graph elements relevant to the query using a non-parametric
process. 2) Subgraph Construction: Extend retrieved graph elements with their adjacencies He et al.
(2024). 3) Embedding: Use tokenizer and text embedder for textualized graph and query. Apply
AGE for structured relationships of the graph. 4) Inference: Input embeddings into LLM to generate
an answer.

textualized graph representation (Fig. 1), indicating that the graph encoder should embed relation-
ships between elements, rather than their individual contents. What is the optimal strategy to achieve
such encoding for a frozen LLM? We considered two factors: similarity of the embedding space to
the LLM’s text encoder and its relationship embedding capability. Since the LLM’s text encoder
uses mask-based SSL Liu et al. (2019); Reimers & Gurevych (2019); OpenAI (2022), which learns
to embed relationships between elements into the embedding space by optimize the reconstruction
of masked elements. These factors aim to embed relationships between nodes within the retrieved
subgraph into the embedding space by adapting the mask-based SSL with minimal modification.

To realize this intention, we propose a novel embedding strategy, the Adaptive-masking for Graph
Embedding (AGE). The architecture of AGE is designed to imitate the general self-supervised text
embedding process, while incorporating the Joint-Embedding Predictive Architecture (JEPA) LeCun
& Courant (2022), which improves representations in the embedding space by eliminating unnec-
essary detail reconstruction. Although generative SSL shows promise, the quality of reconstruction
relies on the discriminability of input nodes Wei et al. (2022); Chien et al. (2022). Random mask-
ing fails on non-discriminative nodes, leading to poor representations Bizeul (2024); Seong & Han
(2025). To avoid this, the only major modification is adding a node sampler trained via reinforce-
ment learning (RL) to selectively mask nodes, replacing traditional random node masking with an
adaptive approach. The motivation for this approach stems from the fact that, graphs are concise
logical structures with minimal redundancy. Hence, some nodes are crucial for maintaining graph
integrity; we refer to them as key nodes. Our RL-based strategy aims to guide SSL to distinguish
the representations of key and auxiliary nodes, encouraging LLMs to identify redundant informa-
tion within the retrieved graph. The contributions as follows: 1⃝ We propose AGE, a novel method
that represents retrieved subgraphs via key-node and auxiliary-node embedded by RL-guided mask-
based SSL. 2⃝ Our study reveals adaptive masking approach’s notable effectiveness over random
masking within GraphRAG. 3⃝ AGE uses a non-parametric retriever and open LLMs, while also
achieving SOTA on three other benchmarks.

2 RELATED WORK

2.1 GRAPH REPRESENTATION FOR LLMS

In the context of representing graphs as input to LLMs, it is necessary to first convert the retrieved
graph data into specific formats. We summarize two distinct formats: textualization and graph
embeddings. Textualization Fatemi et al. (2024); Jin et al. (2024); Li et al. (2024) is a text-based for-
malization method designed to characterize and represent graph data. Node sequences are a popular
form of textualizationChen et al. (2024b); Luo et al. (2024); Sun et al. (2024). Some methods Luo
et al. (2024); Sun et al. (2024); Chen et al. (2024a) propose LLM-based retrievers to extract reason-
ing paths. A node sequence ordered along the path aids LLM’s reasoning. However, many studies
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report negative conclusions in interpreting text-encoded graphs with concurrent LLMs Huang et al.
(2023); Guo et al. (2023); Wang et al. (2023), suggesting a need for solutions beyond textualization.

The other format, graph embeddings, have recently been adopted in GraphToken Perozzi et al.
(2024). Following this, G-Retriever He et al. (2024) proposed a retrieval framework for graph em-
beddings. This occurs when graph embeddings are added as tunable prompts to the LLM in addition
to their textualized representations. In this work, we improve the quality of LLM responses on the
G-Retriever framework through enhancing the representation of graph embeddings. Some methods
Xu et al. (2025); Hu et al. (2024) build self-alignment and cross-question module among retrieved
entities, relations, and subgraph embedding elements. Some methods enhance embeddings through
a two-stage training process Ji et al. (2024); Wang et al. (2024). The first stage trains the embedding
module on SSL alone; in the second stage, prompt tuning aligns the structured relationships embed-
ded for LLM input by the pretrained module. Since each LLM has its own domain embeddings and
input spaces, two-stage training process prioritize maximizing performance. Instead, focusing on
practical, we propose a one-stage training process SSL that integrates with prompt tuning.

2.2 SELF-SUPERVISED LEARNING

Many existing self-supervised learning architectures focus on learning representations that effec-
tively capture relationships between input data. Joint-Embedding Architecture (JEA) Bardes et al.
(2021); Caron et al. (2020); Grill et al. (2020) has shown considerable promise in advancing SSL
methodologies. Joint-Embedding SSL for GNNs, such as GraphCL Ying et al. (2021), GCA Zhu
et al. (2021) and JOAO You et al. (2021), learn node representations by contrasting positive and
negative samples. Subsequent studies identified areas for enhancement in JEA Chin et al. (2024);
Jing et al. (2021); Lee et al. (2025), particularly the issue of mapping all inputs to a single constant
vector, known as the collapsing problem. Generative Architecture (GA) He et al. (2021); Baevski
et al. (2022); Devlin et al. (2018) focuses on reconstructing masked portions of the input at either
the pixel or token level. GraphMAE Hou et al. (2022; 2023) learns representations by reconstructing
masked samples. These methods encourage the model to learn more robust and diverse representa-
tions, potentially reducing the risk of representation collapse Chin et al. (2024); Jing et al. (2021);
Assran et al. (2023). Joint-Embedding Predictive Architectur (JEPA) LeCun & Courant (2022) elim-
inate reconstruction of pixel or token-level details and enhances the semantic level of self-supervised
representations Assran et al. (2023); Bardes et al. (2024). In this work, we first demonstrate JEPA’s
effectiveness in the GraphRAG framework. JEPA originates from cognitive neuroscience, suggest-
ing that humans have an ability of top-down schema reasoning, aiding planning, decision-making,
and problem-solving on complex tasks Tang et al. (2007); Mittal et al. (2020); Theves et al. (2021).
In GraphRAG, the tokens fed into the LLM’s hidden layer should capture the ability. We imple-
ment it as JEPA in the graph embedding module. Cognitive science has revealed that a brain region
called the temporal lobe plays a role in bottom-up associative learning, selecting key knowledge
and linking it to related data Jackson et al. (2018); Edmonds et al. (2019); Cox et al. (2024). These
selection processes can also occur with new information. Aiming to reproduce this functionality in
GraphRAG, AGE has the novel node sampler module.

3 PRELIMINARIES

GQA with LLM. For a query q on a textual graph G, there is an optimal subgraph S∗ ∈ S(G) and
query relevant text-modal knowledge T ∗ that guides the LLM to produce expected answers, where
S(G) is the set of all subgraphs of G. The challenge of GraphRAG is to efficiently search for the
relevant subgraph S∗ and represent it to S∗ for an LLM pΦ improve generation. The probability
distribution of the output sequence Y is given by:

pΦ(Y | [q,G]) =

n∏
i=1

pΦ(yi | y<i, [q, T
∗, S∗]), (1)

where y<i represents the prefix tokens, and [q, S∗] indicates the concatenation of the query, relevant
text-modal knowledge and optimal subgraph information, respectively.

Joint-Embedding Predictive Architecture. Mask-based SSL methods such as MAE are well suited
to handle corrupted input, as they learn to reconstruct missing or corrupted input parts. JEPA im-
proves upon MAE by eliminating the reconstruction of unnecessary input feature details, focusing
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instead on learning more abstract representations. JEPA consists of an encoder Eθ(·), predictor
Pϕ(·) and target encoder Tθ(·). The stop-gradient operation sg is employed to prevent representa-
tion collapse in the target encoder Tθ(·). The predictor generates y from visible input x and masked
input ∆x. The encoder and predictor are trained simultaneously with the objective:

min ||Pϕ

(
∆x, Eθ(x)

)
− sg

(
Tθ(y)

)
||2, (2)

The loss is applied only to the predictions of the masked input ∆x.

Reinforcement Learning. To estimate the key and auxiliary nodes on retrieved graph for mask-
based SSL discriminative embedding. We adopt REINFORCE Sutton et al. (2000), a basic policy
gradient method in RL. Let D = (q, Y ∗) denote a corpus of training data, where Y ∗ is the complete
reference label for query q. REINFORCE optimizes a policy πθ parameterized by θ, to maximize
reconstruction quality Ra for each masking action a. The policy gradient is given by:

∇θJ (θ) = Eq∼D,S∗∼q

[∑
v∈S∗

∇ log πθ(a|v) ·Ra

]
(3)

where where J (θ) is the expected return. πθ(a|v) denotes the probability distribution estimated by
policy πθ for taking action a (masking or not) on node v. The SSL framework with masked node
reconstruction serves as the RL environment.

4 APPROACH

Our framework, illustrated in Figure 1, consists of four main steps: input, graph preprocessing,
embedding, and inference. We adopt the previous method He et al. (2024) that applies SentenceBert
Reimers & Gurevych (2019) to indexed knowledge data at (input) step and employ a static k-nearest
neighbors Kramer (2013) retrieval approach combined with Prize-Collecting Steiner Tree Bienstock
et al. (1993) subgraph construction during graph preprocessing. For inference, we can use arbitrary
LLMs, as usual RAG methods. Therefore, this section focuses on the details of embedding step.

4.1 TEXT EMBEDDING OF QUERY AND TEXT GRAPH

We transform the retrieved subgraph S∗ into a textual format, following He et al. (2024) as in the
first two steps. The converted text is then concatenated with the input query q. The concatenated
texts are embedded into htext using a pretrained function for the frozen LLM, TextEmbedding, where
[; ] denotes concatenation and L is the output token sequence length, as follows:

htext = TextEmbedding([textualize(S∗); q]) ∈ RL×dl , (4)

4.2 ADAPTIVE-MASKING FOR GRAPH EMBEDDING

AGE comprises a node sampler, concept encoder-decoder, target encoder, and graph-structure-
based aggregator modules, as overviewed in Fig. 2. The AGE’s input, hin, is encoded from the
retrieved graph S∗ with a conventional graph encoder. hin is then passed to node sampler and target
encoder. The node sampler categorizes the nodes into key nodes and the remaining auxiliary nodes.
The selected key nodes are fed to concept encoder-decoder. The output hout is trained to predict
htarget, the output of target encoder, forming a JEPA. The embedding hout is then aggregated into a
token to be fed to the LLM. The rest of this subsection explains each module in Fig. 2 individually.

Graph Encoder prepares input for AGE. The retrieved subgraph S∗ = (V ∗, E∗) consists of query-
relevant nodes V ∗ and edges E∗. hin is obtained from S∗ by the graph encoder GNNGE as follows:

hin = GNNGE(S
∗;θGE) ∈ RN×dg , (5)

where θGE is parameter of GNNGE, dg is dimension of each output node feature, and N = |V ∗|.
Node sampler estimates key nodes using hin from the graph encoder for adapting masks on auxiliary
nodes. The node sampler processes hin through a Multi-Head Attention (MHA) network, a linear
layer, and a softmax activation, to obtain nodes probability scores pNS as follows:

zNS = MHANS(hin;θ
MHA
NS ) ∈ RN×dg , (6)

pNS = Softmax(Linear(zNS;θ
Linear
NS )) ∈ [0, 1]N×1, (7)
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Figure 2: Architecture for Adaptive-masking for Graph Embedding: During training, htarget is con-
nected to the downstream for the target encoder training, while hout is used during inference. The
node sampler explores the optimal distribution for mask-based SSL for graphs. The loss functions
train distinct sets of modules without overlap.

where θNS = {θMHA
NS ,θLinear

NS } is the parameter of this module. We sample Nkey nodes based on a
categorical distribution defined by pNS, where we decide Nkey by the sampling rate ρ as Nkey =
⌈ρN⌉. Hereafter, we denote the sampled key nodes as Ikey and auxiliary nodes as Iaux(= V ∗\Ikey).
Based on Ikey, we extract key node features hkey ∈ Rk×dg from hin and input it to our concept
encoder-decoder module.

Concept Encoder-Decoder consists of a concept encoder MHACE and a concept decoder MHACD.
MHACE encode the input hkey into the latent representation zkey as follows:

zkey = MHACE(hkey + PE(hkey);θCE) ∈ Rk×dg , (8)

where PE(·) represents positional encoding as defined by Ma et al. (2021), and θCE is the parameter
of MHACE. zkey is combined with zaux, placeholder vectors for unsampled auxiliary nodes with
values copied from hin, as in Zheng et al. (2025). Let z ∈ RN×dg be the combined node features,
which maintains hin’s original node position. MHACD decodes hout with the positional encoding PE
as follows:

hout = MHACD(z + PE(z);θCD) ∈ RN×dg , (9)

where θCD is the parameter of MHACD. hout is the output of AGE, which we train to predict htarget,
an embedding obtained from all nodes through the target encoder.

Target Encoder is applied to obtain a prediction target for the previous module in a semantic space
(JEPA), as it works more robustly than in the input space (GA) Assran et al. (2023); Chen et al.
(2025); Fei et al. (2023); Bardes et al. (2024). The target encoder MHATE projects hin to a target
embedding htarget as follows:

htarget = MHATE(hin + PE(hin);θTE) ∈ RN×dg , (10)

where θTE is the parameter of MHATE. We train MHATE with downstream tasks, optimizing it to
produce embeddings that directly contribute to the task. MHACE and MHACD are trained in paral-
lel with MHATE, with the target encoder learning graph representations for LLMs and the concept
encoder-decoder learn to exploit key-node representations for mimic the target encoder’s auxiliary
node representations. Inferring masked auxiliary nodes condenses relational concepts between key
and auxiliary nodes into zkey (and thus hout in the downstream). This JEPA-derived mechanism
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would be synergetic with GraphRAG as the previous studies suffers from embedding graph’s struc-
tured relationships efficiently Huang et al. (2023).

Graph-structure-based Aggregator GNNGSA projects hout to a single token h̄g . As the graph
encoder module, we followed He et al. (2024) for this module. It aggregates hout referring E∗, the
edge connections of the original subgraph S∗. Where POOL is mean pooling and dl is the input
dimension of the target layer. The projector MLPProj adjusts the aggregated embeddings to fit the
LLM’s input dimension.

hg = POOL(GNNGSA(hout;θGSA)) ∈ Rdg , (11)

h̄g = MLPProj(hg;θProj) ∈ Rdl , (12)

4.3 OPTIMIZATION OF ADAPTIVE-MASKING FOR GRAPH EMBEDDING

This subsection describes three loss functions used in our method. In the training phase, we connect
htarget in the target encoder stream to the LLM and optimize θTE with the prompt tuning loss LPT.
During training the target encoder with LPT, the concept encoder-decoder module is optimized ex-
clusively with Ltarget, in a JEPA approach. Once entire network has been trained, we connect hout to
the downstream LLM rather than htarget at the inference phase.

One challenge of AGE lies in optimizing θNS. Optimizing θNS using Ltarget is difficult due to the
non-differentiability of the sampling operation. Therefore, we propose an additional loss function
LNS for optimizing θNS.

Prompt tuning loss LPT maximizes accuracy of a downstream task. It was originally introduced in
He et al. (2024), and we use the definition as is. We optimize θTE, θGSA, and θProj with LPT. The
concrete implementation depends on the benchmark tasks; refer to the original papers for details.
Note that we train θGE with Ltarget rather than LPT, as the concept encoder-decoder is used in the
inference phase and the upstream network should be optimized to that module.

Target loss Ltarget optimizes parameters θGE, θCE, and θCD to maximize embedding reconstruction
by minimizing the distance between hout and htarget for each auxiliary node indexed by Iaux as
follows:

Ltarget(θGE,θCE,θCD) =
1

Naux

∑
i∈Iaux

∥ hi
out − sg(hi

target) ∥2, (13)

with Naux defined as N − Nkey. The objective is to apply knowledge distillation to effectively
represent key nodes for reconstructing auxiliary nodes. Furthermore, we apply normalization to
enhance stability during the learning process, details are provided in the Appendix.

Sampling loss LNS optimizes θNS using RL-inspired supervision. Regarding the operation as
an action, the node sampler as a policy network, and hout as a state, we design LNS on pNS =
{p1, . . . , pN} in Eq. 7 as follows:

LNS(θNS) = − 1

Naux

∑
i∈Iaux

(
log(pi)× sg(∥ hi

out − hi
target ∥2)

)
. (14)

The loss is back-propagated only to θNS. Here, for each node assigned to Iaux, larger ∥ hi
out−hi

target ∥2
increases pi more, resulting in pushing such node into Ikey. This reflects our aim to classify nodes
that are difficult to predict from their surrounding as key nodes. Additional strategies for key node
selections and sampling optimization for RL are discussed in the Appendix.
Total loss is given as LPT + Ltarget + LNS. Since we designed the optimization process so that each
loss optimizes different modules without overlap, our methods does not require weight adjustment
between these losses.

4.4 ANALYSIS OF LEARNING OBJECTIVES

To explain the motivation for architecture design and applying a distributed loss to each module,
we analyze the learning objective of the Rω module, which represents expected S∗ for LLM πθ on
LoRA finetuning as:
L = −E(S∗)

[
logRω(S∗ | S∗)

]︸ ︷︷ ︸
Loss of Graph Representation Module

−E(q,T∗,S∗)

[
log πθ(i | q, T ∗, S∗)πθ(r | q, T ∗, S∗, i)

]︸ ︷︷ ︸
Loss of LLM

(15)
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According to Bayes’ Theorem, given an input X , a target Y , and latent rationales Z, we can sample
these latent rationales Z from the posterior distribution P (Z|X,Y ). This posterior represents the
probability of latent Z given both the input X and the target Y . To compute the marginal likelihood
of obtaining answer Y given input X , we marginalize over all possible rationales Z:

P (Y |X) =
∑

Z∼P (Z|X,Y )

P (Z, Y |X) (a)

=
∑

Z∼P (Z|X,Y )

P (Z|X) · P (Y |X,Z) (b)

The equations above show how to compute the marginal likelihood P (Y |X). Equation (a) makes
explicit that Z is sampled from the posterior distribution P (Z|X,Y ). Equation (b) applies the
chain rule of probability to decompose P (Z, Y |X) into two components: P (Z|X) and P (Y |X,Z).
Following this analysis, we apply it to the learning objective for target representation S∗ given input
S , latent Z from a posterior Rω(Z|S, S) that bridges S and S . The marginal likelihood of S given
S is:

Rω(S∗|S∗) =
∑

Z∼Rω(Z|S∗,S∗)

Rω(Z, S∗|S∗)

=
∑

Z∼Rω(Z|S∗,S∗)

Rω(Z|S∗) ·Rω(S∗|S∗, Z)
(16)

Above analysis shows that learning objective Graph Representation implicitly learns to identify the
latent Z and map it to the expected S∗ for LLM. The extension of the loss function is:

−E
[
logRω(S

∗ | S∗)
]
= −E

[
logRω(Z | S∗, S∗)

]︸ ︷︷ ︸
Loss of Latent Identification

−E
[
logRω(Z | S∗) ·Rω(S∗ | S∗,Z))

]︸ ︷︷ ︸
Loss of Representation

(17)
Instead of using a single model for both latent Z identification and S∗ representation learning. We
explicitly separate the learning into Samplerθ for latent identification and Encoderθ-Decoderθ for
representation as:

−E
[
logRω(S

∗ | S∗)
]
≈ −E(S∗,S∗)

[
Vkey ∈ Z ∼ log Samplerθ(Z | S∗, S∗)

]︸ ︷︷ ︸
Loss of Node Sampling

−E(S∗)

[
logEncoderθ(Z | Vkey) ·Decoderθ(S∗ | ∆Vmasked

,Z)
]︸ ︷︷ ︸

Loss of Encoder-Decoder

(18)

By separating the learning processes, the target encoder learns the representation directly, while the
encoder-decoder learns to reconstruct this representation through Evidence Lower Bound (ELBO)
optimization. Specifically, the node sampler learns to extrapolate Vkey ∈ Z , making static sampling
illogical. Therefore, our node sampler with encoder-decoder architecture and explicit loss distribu-
tion yields efficient learning signals, faster convergence, and improved graph representations. To
support our analysis, we provide empirical comparisons of sampling strategies in Appendix B.3.7
and analyze the stability of the target encoder teacher module for the encoder-decoder in Appendix
C.3.13. In the prompt tuning setting, given r as the reasoning trajectory, the learning objective for
frozen LLMs with graph representation model Rω is:

L = −E
[
logRω(Z | S∗, S∗)

]︸ ︷︷ ︸
Loss of Latent Identification

−E
[
logRω(Z | S∗) ·Rω(S∗ | S∗,Z))

]︸ ︷︷ ︸
Loss of Representation

−E
[
log πθ(i | q, T ∗, S∗)

]︸ ︷︷ ︸
Loss of Knowledge Recalling

−E
[
log πθ(r | q, T ∗, S∗, i)

]︸ ︷︷ ︸
Loss of Contextualized Reasoning︸ ︷︷ ︸

Frozen

(19)

We observe that Rω explicitly learns to identify the latent Z from S∗ for LLM-expected S∗. During
training with frozen LLM parameters, Rω implicitly captures latent identification i by satisfying
the frozen LLM’s expectations: Retriever(S∗ | q, T ∗) Rω(S∗ | S∗,Z) ≈ πθ(S∗ | q, T ∗, i),
yielding Z ⊆ i. Therefore, Rω able to learns a subspace of the frozen LLM’s complete latent space
through this objective. Throughout this, we argue that leveraging a learned latent space Z , robustly
restructured into the LLM-expected representation S∗, can directly improve knowledge recall and
indirectly enhance reasoning.
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Table 1: Performance comparison across ExplaGraphs, SceneGraphs, and WebQSP datasets under
the five settings. The best and second-best scores are highlighted in bold and underline, respectively.

Setting Method LLM Expla
Graphs

Scene
Graphs WebQSP CWQ

Frozen LLM
w/ Graph
Embedding

G-Retriever Llama3.2-1B 0.5595 0.7540 60.1 −
G-Retriever Llama3.2-3B 0.7761 0.8229 71.3 −
G-Retriever Llama2-7B 0.8516 0.8131 68.1 −
AGE G-Retriever Llama3.2-1B 0.8267 0.8184 62.5 −
AGE G-Retriever Llama3.2-3B 0.9260 0.8930 73.5 −
AGE G-Retriever Llama3.1-8B 0.9350 0.9276 78.3 −

Frozen LLM
w/ Graph
Embedding

+ PEFT

G-Retriever Llama3.2-1B-LoRA 0.7328 0.8689 65.3 −
G-Retriever Llama3.2-3B-LoRA 0.8339 0.9074 71.4 −
G-Retriever Llama2-7B-LoRA 0.8705 0.8683 70.2 −
AGE G-Retriever Llama3.2-1B-LoRA 0.8501 0.9056 69.1 −
AGE G-Retriever Llama3.2-3B-LoRA 0.9134 0.9486 77.3 −
AGE G-Retriever Llama3.1-8B-LoRA 0.9612 0.9325 80.3 −
AMAR Llama2-7B-LoRA − − 84.3 82.9
AMAR Llama2-13B-LoRA − − 83.3 83.1
AGE AMAR Llama2-7B-LoRA − − 86.5 85.2
AGE AMAR Llama2-13B-LoRA − − 86.2 85.1

LLM
w/ LLM Retriever

ToG GPT-4 − − 82.6 67.6
ReKnoS GPT-4 − − 84.9 68.2
Paths-over-Graph GPT-4 − − 96.7 81.4
Plan-on-Graph GPT-4 − − 87.3 75.0
DoG GPT-4 − − 91.0 56.0

5 EXPERIMENTS

Datasets and Evaluation Metrics. Following previous work He et al. (2024); Hu et al. (2024);
Ji et al. (2024), we conduct experiments on ExplaGraphs Saha et al. (2021) is a generative com-
monsense reasoning dataset, SceneGraphs Hudson & Manning (2019) is a visual question answer-
ing dataset. And WebQSP tau Yih et al. (2016), ComplexWebQuestions (CWQ) Talmor & Berant
(2018) is a large question-answering dataset derived from Web questions, where all queries can be
answered using Freebase, a large collaborative knowledge graph database. We use accuracy as the
primary metric for ExplaGraphs and SceneGraphs, datasets focusing on reasoning, following He
et al. (2024); Hu et al. (2024); Ji et al. (2024). For WebQSP and CWQ, a dataset with extra-large
graphs, we use the Hit@1 metric, as in Luo et al. (2024).
Implementation Details. We employed the open-source Llama3.2 (1B and 3B) AI (2024), Llama
2 (7b and 13B) Touvron et al. (2023) and Llama3.1 (8B) Grattafiori et al. (2024) as frozen LLM
components. Based on the analysis in 5.2, we set the sampling rate ρ = 0.3.

5.1 MAIN RESULTS

Table 1 illustrates our main results, comparing the methods in three settings: Frozen LLM with
Graph Embedding: Use a graph embedding technique to tune tokens with given prompt. Frozen
LLM with Graph Embedding + PEFT: Apply LoRA Hu et al. (2021), a PEFT technique, in com-
bination with the graph embedding technique. LLM with LLM-Retriever: Use LLM for retrieval
in addition to the one for inference. Any methods train either LLM. These are reference scores
with a larger computational cost. Among Frozen LLM with Graph Embedding settings (with and
without PEFT), AGE consistently improved performance of G-Retriever and AMAR regardless
of the backbone LLM models. Without PEFT, Llama3.2-1B with AGE showed the most notable
gain against G-Retiever: 26.72 percent points increase on ExplaGraphs, while the least gain was ob-
served with Llama3.2-3B on WebQSP, which was 2.02 points. This might be due to the extra-large
size of knowledge graphs in WebQSP datasets, which include textual knowledge absent at pretrain-
ing, and non-parameter retriever struggling to provide critical information for representation. AGE
maintains consistent superiority against G-Retriever and shows more gains on retrieval from smaller
graphs. By employing a cross-question approach enriched with retrieved elements, GRAG improved
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Table 2: Performance improvements (with Llama3.2 1b, on ExplaGraphs, % pts: percent points).

G-Retriever GA w Random mask JEPA w Random mask JEPA w Node sampler

Loss LPT LPT + Ltarget LPT + Ltarget LPT + Ltarget + LNS

Acc 0.5595 0.6532 (↑ 9.37%) 0.7141 (↑ 15.46%) 0.8267 (↑ 26.72%)

performance by 2.8 points, AMAR achieved an improvement of 4.2 points with its baseline. This
suggests that improving embedding module is beneficial, it alone may not be enough to boost per-
formance significantly, and relying on a non-parameter retriever could be limiting. Despite that
challenge, when integrated with AMAR, AGE continues to achieve further enhancements the per-
formance. Direct comparison with current LLM with LLM Retriever methods on WebQSP and
the larger CWQ shows that AGE AMAR, which applies non-parametric retriever-based approaches,
outperforms the proprietary LLM-based retriever ReKnoS Wang et al. (2025) on both datasets. AGE
AMAR underperforms compared with Paths-over-Graph Tan et al. (2025), Plan-on-Graph Wu et al.
(2024b) and DoG Ma et al. (2025) on WebQSP, but outperforms them on CWQ, suggesting that
AGE AMAR is advantageous on larger datasets, showing substantial potential for future work.

5.2 ABLATION STUDY

Performance Comparison of Self-Supervised Learning Architectures. Table 2 presents the per-
formance of concept encoder-decoder with some variations and the baseline of G-Retriever, which
demonstrates contribution of proposed technique independently. As a SSL variation, we prepared
AGE based on generative architecture (GA) against our choice of JEPA. We also compared AGE
with random mask against the proposed learnable node sampler. All the results used Llama3.2 1B
as its LLM. Using a GA with a random mask, AGE achieves a performance of 0.6532, which is a
9.37% improvement over the baseline. Next, AGE with a random mask, improving performance
by 15.46% over the baseline. Finally, AGE using JEPA with the learnable node sampler achieves
a 26.72% improvement over the baseline. Based on these experiments, we confirmed that JEPA
works better than GA as expected, while node sampler further improves performance with a no-
table margin. Furthermore, we include an additional study on architectural design choices in the
Appendix, such as reason we choose different input features for LLMs during training and inference
in GraphRAG.
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Figure 4: Performance against sampling rate
(WebQSP)

Analysis on the Sampling Rate ρ. Figure 3 illustrates how the sampling rate impacts AGE G-
Retriever performance on ExplaGraphs and WebQSP, guiding our hyper-parameter setting. Average
retrieved nodes are 18.21 and 5.17 on WebQSP and ExplaGraphs, respectively. A sampling rate
ρ = 0.3 gives the best performance on ExplaGraphs with both LLM settings (81.4% for Llma3.2-
1B and 92.6% for Llama3.2-3B). The same setting also achieves the best performance on WebQSP
for Llama3.2-1B (62.5%) and the second best for Llam3.2-3B (72.2%), compared to the best score
of 73.5% at ρ = 0.35. From these observations, we decided to use ρ = 0.3 through the experiments.
Qualitative Evaluation. To analyze node sampling results, we visualized the node sampling results
on two samples from the ExplaGraphs test set in Figure 5. Nodes are colored based on clustered
text embeddings to track node-wise feature restructuring through graph relationships. The graph
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Output of Concept Decoder (AGE)Output of Graph Encoder (G-Retriever) MSE loss of Masked Nodes Embedding 
with Target Nodes Embedding (AGE)

Key node (o)
Auxiliary node (x)

Key node (o)
Auxiliary node (x)

Auxiliary nodes: 
missionaries,

Christians

Key node: 
saving souls Auxiliary nodes: 

research,
embryonic stem cell

Key node: 
find cancer cures,

subsidized

Key node: 
attract 

investment

Auxiliary nodes: 
Urbanization,

Increased population,
Stimulate economy

Key node: 
work with criminals

Auxiliary nodes: 
imprison people,
public defenders

Figure 5: Node embedding of G-Retriever and AGE G-Retriever with sampling rate ρ = 0.3 using
t-SNE van der Maaten & Hinton (2008): Nodes are colored by clustering node’s text (left two), or
target error (the rightest).

encoder process maintains the clustering structure of text graph embeddings in both G-Retriever
(first column) and AGE (second column). In contrast, the concept encoder-decoder module (second
column) shuffles the colored nodes, indicating a reorganization of the node-wise embeddings.
The last column displays text entities of some key and auxiliary nodes. Our node sampler is de-
signed to sample entities from specific domains as key nodes. As ”saving souls” is sampled as a
key node, inferring ”missionaries” and ”Christians” from it seems easier than the reverse. We ob-
serve the same tendency with the key node ”work with criminals” and the auxiliary nodes ”imprison
people” and ”public defenders.” The last column also shows the target loss for each auxiliary node
using the color bar, where 1.0 represents the maximum error in the test set, and 0.0 the least. From
the color visualization, we observe that non-isolated key nodes achieve lower errors in auxiliary
node prediction, suggesting that relations between key nodes support the prediction. We provides
additional qualitative results, including failure cases, in Appendix.

6 LIMITATION AND CONCLUSION

Although we achieved a significant improvement in GraphRAG, there are two minor limitations.
First, we used a fixed sampling rate despite variations in key node density between the graphs.
Second, we tested AGE only on GraphRAG tasks, even though it is applicable to other modalities.
These limitations suggest areas for future improvement and the potential for broader applications.

We proposed Adaptive-masking for Graph Embedding (AGE) to improve structured graph embed-
dings and enhance LLM performance on GraphQA tasks. The method introduced JEPA, a self-
supervised learning architecture which enhanced the graph-structure embedding for downstream
reasoning tasks. Our node sampler demonstrated its effectiveness in the ablation study, success-
fully identified key nodes within given graphs. The quantitative results confirmed AGE’s consistent
performance gain in GraphRAG tasks while maintaining computational cost.
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Buchatskaya, Carl Doersch, Bernardo Avila Pires, Zhaohan Daniel Guo, Mohammad Gheshlaghi
Azar, et al. Bootstrap your own latent: A new approach to self-supervised learning. arXiv preprint
arXiv:2006.07733, 2020.

Jiayan Guo, Lun Du, Hengyu Liu, Mengyu Zhou, Xinyi He, and Shi Han. Gpt4graph: Can large
language models understand graph structured data? an empirical evaluation and benchmarking.
arXiv preprint arXiv:2305.15066, 2023. URL https://arxiv.org/abs/2305.15066.

Kai Guo, Harry Shomer, Shenglai Zeng, Haoyu Han, Yu Wang, and Jiliang Tang. Empowering
graphrag with knowledge filtering and integration. arXiv preprint arXiv:2503.13804, 2025. URL
https://arxiv.org/abs/2503.13804.

Haoyu Han, Harry Shomer, Yu Wang, Yongjia Lei, Kai Guo, Zhigang Hua, Bo Long, Hui Liu,
and Jiliang Tang. Rag vs. graphrag: A systematic evaluation and key insights. arXiv preprint
arXiv:2502.11371, 2025a. URL https://arxiv.org/abs/2502.11371.

Haoyu Han, Yu Wang, Harry Shomer, Kai Guo, Jiayuan Ding, Yongjia Lei, Mahantesh Halap-
panavar, Ryan A. Rossi, Subhabrata Mukherjee, Xianfeng Tang, Qi He, Zhigang Hua, Bo Long,
Tong Zhao, Neil Shah, Amin Javari, Yinglong Xia, and Jiliang Tang. Retrieval-augmented
generation with graphs (graphrag). arXiv preprint arXiv:2501.00309, 2025b. URL https:
//arxiv.org/abs/2501.00309.

Kaiming He, Xinlei Chen, Saining Xie, Yanghao Li, Piotr Dollár, and Ross Girshick. Masked
autoencoders are scalable vision learners. arXiv:2111.06377, 2021.

Xiaoxin He, Yijun Tian, Yifei Sun, Nitesh V. Chawla, Thomas Laurent, Yann LeCun, Xavier Bres-
son, and Bryan Hooi. G-retriever: Retrieval-augmented generation for textual graph understand-
ing and question answering. CoRR, abs/2402.07630, 2024. URL https://doi.org/10.
48550/arXiv.2402.07630.

12

https://arxiv.org/abs/2404.16130
https://arxiv.org/abs/2405.06211
https://openreview.net/forum?id=IuXR1CCrSi
https://arxiv.org/abs/2311.15830
https://arxiv.org/abs/2311.15830
https://arxiv.org/abs/2312.10997
https://arxiv.org/abs/2305.15066
https://arxiv.org/abs/2503.13804
https://arxiv.org/abs/2502.11371
https://arxiv.org/abs/2501.00309
https://arxiv.org/abs/2501.00309
https://doi.org/10.48550/arXiv.2402.07630
https://doi.org/10.48550/arXiv.2402.07630


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Zhenyu Hou, Xiao Liu, Yukuo Cen, Yuxiao Dong, Hongxia Yang, Chunjie Wang, and Jie Tang.
Graphmae: Self-supervised masked graph autoencoders. In Proceedings of the 28th ACM
SIGKDD Conference on Knowledge Discovery and Data Mining, pp. 594–604, 2022. URL
https://doi.org/10.1145/3534678.3539321.

Zhenyu Hou, Yufei He, Yukuo Cen, Xiao Liu, Yuxiao Dong, Evgeny Kharlamov, and Jie Tang.
Graphmae2: A decoding-enhanced masked self-supervised graph learner. In Proceedings of
the ACM Web Conference 2023, pp. 737–746, 2023. URL https://doi.org/10.1145/
3543507.3583379.

Edward J. Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
and Weizhu Chen. Lora: Low-rank adaptation of large language models. arXiv preprint
arXiv:2106.09685, 2021. URL https://arxiv.org/abs/2106.09685.

Yuntong Hu, Zhihan Lei, Zheng Zhang, Bo Pan, Chen Ling, and Liang Zhao. Grag: Graph retrieval-
augmented generation. arXiv preprint arXiv:2405.16506, 2024. URL https://arxiv.org/
abs/2405.16506.

Jin Huang, Xingjian Zhang, Qiaozhu Mei, and Jiaqi Ma. Can llms effectively leverage graph struc-
tural information: when and why. arXiv preprint arXiv:2309.16595, 2023.

Drew A. Hudson and Christopher D. Manning. Gqa: A new dataset for real-world visual reasoning
and compositional question answering. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pp. 6700–6709, 2019.

Rebecca L Jackson, Claude J Bajada, Grace E Rice, Lauren L Cloutman, and Matthew A Lam-
bon Ralph. An emergent functional parcellation of the temporal cortex. NeuroImage, 170:385–
399, 2018.

Yanbiao Ji, Chang Liu, Xin Chen, Yue Ding, Dan Luo, Mei Li, Wenqing Lin, and Hongtao Lu.
Nt-llm: A novel node tokenizer for integrating graph structure into large language models. arXiv
preprint arXiv:2410.10743, 2024. URL https://arxiv.org/abs/2410.10743.

Bowen Jin, Chulin Xie, Jiawei Zhang, Kashob Kumar Roy, Yu Zhang, Zheng Li, Ruirui Li, Xianfeng
Tang, Suhang Wang, Yu Meng, and Jiawei Han. Graph chain-of-thought: Augmenting large
language models by reasoning on graphs. arXiv preprint arXiv:2404.07103, 2024. URL https:
//arxiv.org/abs/2404.07103.

Li Jing, Pascal Vincent, Yann LeCun, and Yuandong Tian. Understanding dimensional collapse in
contrastive self-supervised learning. arXiv preprint arXiv:2110.09348, 2021.

Oliver Kramer. K-nearest neighbors. In Dimensionality Reduction with Unsupervised Nearest
Neighbors, volume 51 of Intelligent Systems Reference Library, pp. 13–23. Springer, Berlin, Hei-
delberg, 2013. doi: 10.1007/978-3-642-38652-7 2. URL https://link.springer.com/
chapter/10.1007/978-3-642-38652-7_2.

Yann LeCun and Courant. A path towards autonomous machine intelligence version 0.9.2, 2022-
06-27. 2022. URL https://api.semanticscholar.org/CorpusID:251881108.

Chungpa Lee, Jeongheon Oh, Kibok Lee, and Jy yong Sohn. A theoretical framework for preventing
class collapse in supervised contrastive learning. arXiv preprint arXiv:2503.08203, 2025.

Yihao Li, Ru Zhang, and Jianyi Liu. An enhanced prompt-based llm reasoning scheme via knowl-
edge graph-integrated collaboration. arXiv preprint arXiv:2402.04978, 2024. URL https:
//arxiv.org/abs/2402.04978.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Mandar Joshi, Danqi Chen, Omer Levy, Mike
Lewis, Luke Zettlemoyer, and Veselin Stoyanov. Roberta: A robustly optimized bert pretraining
approach. arXiv preprint arXiv:1907.11692, 2019.

Linhao Luo, Yuan-Fang Li, Gholamreza Haffari, and Shirui Pan. Reasoning on graphs: Faithful
and interpretable large language model reasoning. arXiv preprint arXiv:2310.01061, 2024. URL
https://arxiv.org/abs/2310.01061.

13

https://doi.org/10.1145/3534678.3539321
https://doi.org/10.1145/3543507.3583379
https://doi.org/10.1145/3543507.3583379
https://arxiv.org/abs/2106.09685
https://arxiv.org/abs/2405.16506
https://arxiv.org/abs/2405.16506
https://arxiv.org/abs/2410.10743
https://arxiv.org/abs/2404.07103
https://arxiv.org/abs/2404.07103
https://link.springer.com/chapter/10.1007/978-3-642-38652-7_2
https://link.springer.com/chapter/10.1007/978-3-642-38652-7_2
https://api.semanticscholar.org/CorpusID:251881108
https://arxiv.org/abs/2402.04978
https://arxiv.org/abs/2402.04978
https://arxiv.org/abs/2310.01061


702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

Jie Ma, Zhitao Gao, Qi Chai, Wangchun Sun, Pinghui Wang, Hongbin Pei, Jing Tao, Lingyun
Song, Jun Liu, Chen Zhang, and Lizhen Cui. Debate on graph: A flexible and reliable reason-
ing framework for large language models. In Proceedings of the AAAI Conference on Artifi-
cial Intelligence, volume 39, pp. 24768–24776, 2025. doi: 10.1609/AAAI.V39I23.34658. URL
https://arxiv.org/abs/2409.03155.

Liheng Ma, Reihaneh Rabbany, and Adriana Romero-Soriano. Graph attention networks with posi-
tional embeddings, 2021. URL https://arxiv.org/abs/2105.04037.

Costas Mavromatis and George Karypis. Gnn-rag: Graph neural retrieval for large language
model reasoning. arXiv preprint arXiv:2405.20139, 2024. URL https://arxiv.org/abs/
2405.20139.

Sarthak Mittal, Alex Lamb, Anirudh Goyal, Vikram Voleti, Murray Shanahan, Guillaume Lajoie,
Michael Mozer, and Yoshua Bengio. Learning to combine top-down and bottom-up signals in
recurrent neural networks with attention over modules. arXiv preprint arXiv:2006.16981, 2020.

OpenAI. New embedding models and api updates. https://openai.com/blog/
new-embedding-models/, 2022.

OpenAI. Gpt-4 technical report. arXiv preprint arXiv:2303.08774, 2024. URL https://arxiv.
org/abs/2303.08774.

Bryan Perozzi, Bahare Fatemi, Dustin Zelle, Anton Tsitsulin, Mehran Kazemi, Rami Al-Rfou, and
Jonathan Halcrow. Let your graph do the talking: Encoding structured data for llms, 2024.

Nils Reimers and Iryna Gurevych. Sentence-bert: Sentence embeddings using siamese bert-
networks. In Proceedings of the 2019 Conference on Empirical Methods in Natural Language
Processing, pp. 3982–3992. Association for Computational Linguistics, 2019.

Swarnadeep Saha, Prateek Yadav, Lisa Bauer, and Mohit Bansal. Explagraphs: An explanation
graph generation task for structured commonsense reasoning. arXiv preprint arXiv:2104.07644,
2021.

Jihyeon Seong and Hyunkyung Han. Rethinking random masking in self-distillation on vit. arXiv
preprint arXiv:2506.10582, 2025. URL https://arxiv.org/abs/2506.10582.

Jiashuo Sun, Chengjin Xu, Lumingyuan Tang, Saizhuo Wang, Chen Lin, Yeyun Gong, Lionel M.
Ni, Heung-Yeung Shum, and Jian Guo. Think-on-graph: Deep and responsible reasoning of large
language model on knowledge graph. arXiv preprint arXiv:2307.07697, 2024. URL https:
//arxiv.org/abs/2307.07697.

Richard S. Sutton, David McAllester, Satinder Singh, and Yishay Mansour. Policy gradient meth-
ods for reinforcement learning with function approximation. In Advances in Neural Information
Processing Systems (NeurIPS), volume 12, pp. 1057–1063. MIT Press, 2000.

Alon Talmor and Jonathan Berant. The web as a knowledge base for answering complex questions.
In Marilyn Walker, Heng Ji, and Amanda Stent (eds.), Proceedings of the 2018 Conference of
the North American Chapter of the Association for Computational Linguistics: Human Language
Technologies, Volume 1 (Long Papers), pp. 641–651, New Orleans, Louisiana, 2018. Association
for Computational Linguistics. URL https://aclanthology.org/N18-1059.

Xingyu Tan, Xiaoyang Wang, Qing Liu, Xiwei Xu, Xin Yuan, and Wenjie Zhang. Paths-over-
graph: Knowledge graph empowered large language model reasoning. In Proceedings of the ACM
Web Conference 2025, pp. 3505–3522, 2025. doi: 10.48550/arXiv.2410.14211. URL https:
//arxiv.org/abs/2410.14211.

Akaysha C Tang, Matthew T Sutherland, Peng Sun, Yan Zhang, Masato Nakazawa, Amy Korzekwa,
Zhen Yang, and Mingzhou Ding. Top-down versus bottom-up processing in the human brain:
Distinct directional influences revealed by integrating sobi and granger causality. In Independent
Component Analysis and Signal Separation, pp. 802–809. Springer, 2007.

14

https://arxiv.org/abs/2409.03155
https://arxiv.org/abs/2105.04037
https://arxiv.org/abs/2405.20139
https://arxiv.org/abs/2405.20139
https://openai.com/blog/new-embedding-models/
https://openai.com/blog/new-embedding-models/
https://arxiv.org/abs/2303.08774
https://arxiv.org/abs/2303.08774
https://arxiv.org/abs/2506.10582
https://arxiv.org/abs/2307.07697
https://arxiv.org/abs/2307.07697
https://aclanthology.org/N18-1059
https://arxiv.org/abs/2410.14211
https://arxiv.org/abs/2410.14211


756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

Wen tau Yih, Matthew Richardson, Christopher Meek, Ming-Wei Chang, and Jina Suh. The value
of semantic parse labeling for knowledge base question answering. In Proceedings of the 54th
Annual Meeting of the Association for Computational Linguistics (Volume 2: Short Papers), pp.
201–206, 2016.

Gemini Team, Rohan Anil, Sebastian Borgeaud, Yonghui Wu, Jean-Baptiste Alayrac, Jiahui Yu,
Radu Soricut, Johan Schalkwyk, Andrew M Dai, Anja Hauth, et al. Gemini: a family of highly
capable multimodal models. arXiv preprint arXiv:2312.11805, 2023. URL https://arxiv.
org/abs/2312.11805.

Stephanie Theves, David A Neville, Guillén Fernández, and Christian F Doeller. Learning and repre-
sentation of hierarchical concepts in hippocampus and prefrontal cortex. Journal of Neuroscience,
41(36):7675–7686, 2021.

Hugo Touvron, Louis Martin, Kevin Stone, Peter Albert, Amjad Almahairi, Yasmine Babaei,
Nikolay Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti Bhosale, and et al. Llama 2:
Open foundation and fine-tuned chat models. arXiv preprint arXiv:2307.09288, 2023. URL
https://arxiv.org/abs/2307.09288.

Laurens van der Maaten and Geoffrey Hinton. Visualizing data using t-sne. Journal of Machine
Learning Research, 9:2579–2605, 2008.

Duo Wang, Yuan Zuo, Fengzhi Li, and Junjie Wu. Llms as zero-shot graph learners: Alignment of
gnn representations with llm token embeddings. arXiv preprint arXiv:2408.14512, 2024. URL
https://arxiv.org/abs/2408.14512.

Heng Wang, Shangbin Feng, Tianxing He, Zhaoxuan Tan, Xiaochuang Han, and Yulia
Tsvetkov. Can language models solve graph problems in natural language? arXiv preprint
arXiv:2305.10037, 2023.

Song Wang, Junhong Lin, Xiaojie Guo, Julian Shun, Jundong Li, and Yada Zhu. Reasoning of large
language models over knowledge graphs with super-relations. In The Thirteenth International
Conference on Learning Representations, 2025. URL https://openreview.net/forum?
id=rTCJ29pkuA.

Chen Wei, Haoqi Fan, Saining Xie, Chao-Yuan Wu, Alan Yuille, and Christoph Feichten-
hofer. Masked feature prediction for self-supervised visual pre-training. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), pp. 14668–14678,
2022.

Shangyu Wu, Ying Xiong, Yufei Cui, Haolun Wu, Can Chen, Ye Yuan, Lianming Huang, Xue
Liu, Tei-Wei Kuo, Nan Guan, and Chun Jason Xue. Retrieval-augmented generation for natural
language processing: A survey. arXiv preprint arXiv:2407.13193, 2024a. URL https://
arxiv.org/abs/2407.13193.

Xixi Wu, Yifei Shen, Caihua Shan, Kaitao Song, Siwei Wang, Bohang Zhang, Jiarui Feng, Hong
Cheng, Wei Chen, Yun Xiong, and Dongsheng Li. Can graph learning improve planning in
llm-based agents? In Advances in Neural Information Processing Systems 38 (NeurIPS 2024),
Vancouver, Canada, 2024b. doi: 10.48550/arXiv.2405.19119. URL https://arxiv.org/
abs/2405.19119.

Derong Xu, Xinhang Li, Ziheng Zhang, Zhenxi Lin, Zhihong Zhu, Zhi Zheng, Xian Wu, Xiangyu
Zhao, Tong Xu, and Enhong Chen. Harnessing large language models for knowledge graph ques-
tion answering via adaptive multi-aspect retrieval-augmentation. In Proceedings of the AAAI Con-
ference on Artificial Intelligence, 2025. URL https://arxiv.org/abs/2412.18537.
arXiv preprint arXiv:2412.18537.

Shunyu Yao, Dian Yu, Jeffrey Zhao, Izhak Shafran, Tom Griffiths, Yuan Cao, and Karthik
Narasimhan. Tree of thoughts: Deliberate problem solving with large language models. Ad-
vances in Neural Information Processing Systems, 36, 2024.

15

https://arxiv.org/abs/2312.11805
https://arxiv.org/abs/2312.11805
https://arxiv.org/abs/2307.09288
https://arxiv.org/abs/2408.14512
https://openreview.net/forum?id=rTCJ29pkuA
https://openreview.net/forum?id=rTCJ29pkuA
https://arxiv.org/abs/2407.13193
https://arxiv.org/abs/2407.13193
https://arxiv.org/abs/2405.19119
https://arxiv.org/abs/2405.19119
https://arxiv.org/abs/2412.18537


810
811
812
813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863

Under review as a conference paper at ICLR 2026

Michihiro Yasunaga, Hongyu Ren, Antoine Bosselut, Percy Liang, and Jure Leskovec. Qa-gnn:
Reasoning with language models and knowledge graphs for question answering. In Proceedings
of the 2021 Conference of the North American Chapter of the Association for Computational
Linguistics: Human Language Technologies (NAACL-HLT 2021), pp. 535–546, Online, 2021.
URL https://aclanthology.org/2021.naacl-main.45/.

Chengxuan Ying, Tianle Cai, Shengjie Luo, Shuxin Zheng, Guolin Ke, Di He, Yan-
ming Shen, and Tie-Yan Liu. Do transformers really perform badly for graph repre-
sentation? In Advances in Neural Information Processing Systems, pp. 28877–28888,
2021. URL https://proceedings.neurips.cc/paper_files/paper/2021/
file/f1c1592588411002af340cbaedd6fc33-Paper.pdf.

Yuning You, Tianlong Chen, Yang Shen, and Zhangyang Wang. Graph contrastive learning auto-
mated. In Proceedings of the International Conference on Machine Learning (ICML), 2021. URL
https://arxiv.org/abs/2106.07594.

Qingbin Zeng, Qinglong Yang, Shunan Dong, Heming Du, Liang Zheng, Fengli Xu, and Yong
Li. Perceive, reflect, and plan: Designing llm agent for goal-directed city navigation without
instructions. arXiv preprint arXiv:2408.04168, 2024.

Kangjie Zheng, Junwei Yang, Siyue Liang, Bin Feng, Zequn Liu, Wei Ju, Zhiping Xiao, and Ming
Zhang. Exlm: Rethinking the impact of [mask] tokens in masked language models. arXiv preprint
arXiv:2501.13397, 2025.

Yanqiao Zhu, Yichen Xu, Feng Yu, Qiang Liu, Shu Wu, and Liang Wang. Graph contrastive learning
with adaptive augmentation. In Proceedings of the Web Conference 2021, pp. 2069–2080, 2021.
URL https://doi.org/10.1145/3442381.3449802.

16

https://aclanthology.org/2021.naacl-main.45/
https://proceedings.neurips.cc/paper_files/paper/2021/file/f1c1592588411002af340cbaedd6fc33-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2021/file/f1c1592588411002af340cbaedd6fc33-Paper.pdf
https://arxiv.org/abs/2106.07594
https://doi.org/10.1145/3442381.3449802

	Introduction
	Related Work
	Graph Representation for LLMs
	Self-Supervised Learning

	Preliminaries
	Approach
	Text Embedding of Query and Text Graph
	Adaptive-masking for Graph Embedding
	Optimization of Adaptive-masking for Graph Embedding
	Analysis of Learning Objectives

	Experiments
	Main Results
	Ablation study

	Limitation and Conclusion

