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Abstract—Heterogeneous graph learning is crucial for mod-
eling multi-typed entities and their interactions in real-world
complex systems. However, existing methods face significant
limitations: Heterogeneous Graph Neural Networks (HGNNs)
underutilize textual attributes, while Large Language Models
(LLMs) struggle to bridge the semantic gap between textual
data and graph structures. To address these limitations, we
propose HGICL, a novel framework that facilitates deep collabo-
rative optimization between LLLMs and HGNNs. The framework
leverages a small set of actively selected exemplar nodes, fine-
tunes HGNNs with LLM-generated scores, and applies the
optimized HGNNs to node classification. This integration raises
two key technical challenges. First, selecting appropriate nodes
as in-context learning (ICL) examples is critical, since LLMs
cannot inherently model heterogeneous graph structures. Second,
bridging the semantic gap between textual and graph-structural
information is essential, given the inherent disparity between
graph topology and textual modalities that demands explicit
alignment. To overcome these challenges, we propose an optimiza-
tion strategy that integrates HGNNs and LLMs. Specifically, we
design a meta-path-based node selection mechanism to construct
high-information-density ICL examples, use LLMs to assign
confidence scores to different exemplar nodes, and leverage
these scores as supervisory signals to fine-tune the HGNNs.
Comparative experiments involving three HGNN architectures,
two homogeneous graph architectures, and a variety of LLMs
demonstrate HGICL’s superior performance, establishing a new
paradigm for collaborative optimization in heterogeneous graph
representation learning.

Index Terms—Heterogeneous Graph, Large Language Models,
In-Context Learning

I. INTRODUCTION

Heterogeneous graphs have become a typical modeling
method for describing complex systems, characterized by their
heterogeneous topology consisting of multiple types of nodes
and edges with diverse semantics. In recent years, the field of
heterogeneous graph representation learning has seen numer-
ous methods that primarily leverage graph topology to learn
high-quality node representations [1]. Although these methods
can learn effective node representations without relying on
labels, their utilization of textual attributes remains largely at
the level of feature engineering, and they lack deeper semantic
understanding and integration [2].

Thus, the advent of LLMs opens new avenues for addressing
these limitations. Their core strength lies in being capable
of few-shot reasoning and ICL to achieve a deep semantic
understanding of node text attributes.
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Fig. 1: Two methods to leverage ICL examples in graph struc-
tures are: (a) selecting K-hop domains as ICL examples, (b)

ICL examples after aligning graph vectors with text vectors.

Two primary methodologies exist to leverage ICL in graph
structures. The first retrieves strongly relevant example nodes
from the graph, typically by selecting the K-hop neighborhood
of a central node, as in GNN-RAG [3], InstructGLM [4],
and GraphAdapter [5] (Fig.1 (a)). However, this approach
suffers from limited receptive field (ignoring nodes beyond
K-hops) and potential noise introduction [6]. The second
method employs contrastive learning to align graph-encoder-
generated “graph vectors” with LLM-friendly “text vectors”
into a unified semantic space, which then serves as ICL,
exemplified by TEA-GLM [7] and HiGPT [8] (Fig.1 (b)).
Nevertheless, the inherent modality gap means such alignment
reduces rather than eliminates the discrepancy [9].

To bridge the semantic gap between text and graph struc-
tures [10], AskGNN [11] proposes to employ Graph Neural
Networks (GNNs) as information translators. Its core idea is
to encode the graph structure with a GNN, select a set of the
most informative ICL examples, thereby “translating” complex
topological information into a form that is comprehensible to
LLMs. These structure-infused examples are then provided
to the LLM to stimulate deeper ICL reasoning. However,
although AskGNN incorporates structural information, its re-
trieval strategy fails to adequately capture the heterogeneous
semantics inherent in different node and relation types of
a graph. This limitation hinders the full integration of het-
erogeneous semantic information, consequently restricting the
model’s expressive and reasoning power on such graphs.



Hence, the core challenge addressed in this paper is: how fo
deeply understand the semantic relationships between different
types in a heterogeneous graph and, based on this under-
standing, select the most informative nodes as ICL examples?
To this end, we propose a novel framework named HGICL,
which deeply integrates the structural advantages of HGNNs
with the semantic understanding capabilities of LLMs. In this
framework, the HGNN acts as a structure-enhanced retriever.
Utilizing meta-paths as the semantic core, it retrieves ICL
nodes from the graph that are most semantically relevant to
the target node. The framework then constructs high-quality
ICL examples by forming structured node-text pairs, which
combine the rich structural semantics embodied by the meta-
paths with the nodes’ own textual information. Finally, by
designing task-appropriate prompt templates, the framework
provides precise ICL input to the LLM, fully leveraging its
capabilities in few-shot learning and semantic reasoning to
achieve efficient collaboration between heterogeneous graph
representation and semantic understanding [12].

To address the modal misalignment between structural infor-
mation in heterogeneous graphs and textual semantic informa-
tion, and to precisely select ICL examples combinations that
maximize the reasoning performance of LLMs, we propose
an optimization method for the retriever. The core of this
method involves the introduction of an LLM-feedback-based
optimization mechanism. Specifically, the method first uses
the LLM to independently assess the confidence level of each
candidate ICL example, quantifying its reliability as a basis
for reasoning. This metric then serves as a supervisory signal
to guide the HGNN in refining its retrieval strategy. This pro-
cess forms an enhancement loop called “retrieval-evaluation-
optimization”, ultimately leading to continuous improvement
in the predictive performance of the LLM. The three core
contributions of this paper are as follows:

(1) We propose HGICL, a novel framework for few-shot
learning on heterogeneous graphs.

(2) We design an HGNN-guided mechanism to construct
high-quality ICL examples. By modeling complex heteroge-
neous relations, it selects informative nodes to enhance the
reasoning of LLMs for node labeling.

(3) Extensive experiments on multiple public datasets
demonstrate that HGICL outperforms baseline methods in
node classification tasks, and its robustness and effectiveness.

II. RELATED WORK
A. Heterogeneous Graph Neural Networks

HGNNSs aim to capture the complex relationships between
entities in heterogeneous graphs. Some methods generate
multiple isomorphic subgraphs based on meta-paths and then
apply GNNs. For example, HAN [13] applies node-level
and semantic-level attention on the meta-path-based graph.
MAGNN [1] also aggregates the representations of all nodes in
the path on this basis. In contrast, HAHE [14] employs cosine
similarity to replace non-attention mechanisms for calculating
the importance of meta-path neighbors. Other methods do not
use meta-paths. For example, HetSANN [15] and HGT [16]

adopt a node-type-specific design, evaluating the importance
of interactions with various types of neighbor nodes. HetGNN
[17] samples heterogeneous neighbors via random walks.

B. In-Context Learning

ICL is an important reasoning paradigm that enables pre-
trained LLMs to adapt to new tasks using only task instructions
and a few examples provided in the input prompt [18].
The optimization of ICL typically revolves around three key
aspects: example selection, retrieval mechanisms, and long-
context modeling. In terms of example selection, FLARE [19]
proposes an iterative retrieval method capable of dynamically
fetching relevant information during text generation. Tai et al.
[20] emphasizes that systematically selecting and ordering ICL
examples is crucial for maximizing classification performance.
Regarding long-context modeling, a primary challenge is that
models may suffer from issues such as attention dilution
and information decay. To mitigate these, SELF-RAG [21]
enhanced language models by introducing adaptive retrieval
and self-reflection mechanisms. Similarly, OpenICL [22] in-
troduces a framework that trains a unified retriever using a
ranking-based approach to select relevant examples.

ITII. PRELIMINARIES

A heterogeneous graph is a special type of information
network that contains multiple types of objects (nodes) or
links (edges). It is defined as G = (V, E, A, T, R, X), which
consists of: a node set V/, an edge set E, and an adjacency
matrix A € {0, 1}/VI*IV] where A;; = 1 indicates that there
exists a direct edge from node ¢ to node j. 7 and R denote the
sets of node types and edge, respectively, with the condition
that |7+ |R| > 2. & = {xz}ll‘gl represents the textual
information x; associated with each node <.

Given this structured but complex data, this study aims
to address the challenge of generating effective prompts for
LLMs based on only a limited set of labeled nodes D =
{(zs,v:)}. To fully leverage the heterogeneous information,
our core methodology involves, for a given query node v, se-
mantically selecting the most relevant ICL examples D, C D
by considering the meta-paths and multi-typed neighborhoods
in G. We then integrate these examples with the node-specific
textual information X, and its heterogeneous context (the
types and relations of its connected nodes) to construct a
composite, structure-aware prompt T'(v) = (D,,X,,Cy),
where C, encapsulates the relevant structural and relational
semantics. This enriched prompt is then used as ICL input
to guide the LLMs in performing more accurate and context-
aware inference tasks related to node v.

IV. METHODOLOGY

We propose the HGICL framework to address node classifi-
cation in heterogeneous graphs under low-label-rate scenarios.
It organically integrates the few-shot semantic understand-
ing of LLMs with the structural modeling of HGNNs. Our
HGICL framework, inspired by AskGNN [11], operates in
three tightly coupled stages (Fig.2): (1) meta-path guided node
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Fig. 2: The core of HGICL is to use feedback from LLMs to optimize HGNN. The process is as follows: node encoding and
meta-path selection based on HGNN obtain relevant ICL examples, then use LLMs to analyze and provide feedback on these
examples, continuously optimizing the HGNN model, thereby improving its performance on node classification tasks.

selection, where the HGNN acts as a structure-aware retriever;
(2) generation of textual prompts and confidence scores for
the LLM; (3) confidence score driven training, where the
LLM’s semantic feedback refines the HGNN. This forms a
closed-loop optimization cycle that enhances both components
iteratively.

A. Meta-path guided node selection

As the initial step of our framework, this module func-
tions as a structure-aware retriever. Given the constraint of
a limited labeling budget, it is crucial to efficiently identify
the most informative nodes. Its objective is to automatically
select the top-K most representative nodes for constructing
the ICL example set D. The selection is based on the node
representations learned by the HGNN and must balance two
key factors: topological importance and semantic similarity.
The detailed procedure is as follows:

1) Node Embedding: We process the heterogeneous graph
G using a HGNN. The model first projects node features based
on their types, then iteratively refines node representations
through multiple layers of neighborhood aggregation. This
process outputs a learned representation vector for each node.

)

2) Candidate Set Generation: After obtaining the node rep-
resentations, we generate an initial candidate set by retrieving
the set of nodes connected to the target node via meta-paths.

hg) = Aggregate(l) (Propagate(l) (h(l

u

P, ={t| 3¢ € ®,Vt € Pathy(v)}, (2)

where @ is the predefined set of meta-paths, and Pathy(v)
represents the set of all nodes on the meta-path.

3) Computation of intermediate nodes in meta-paths:
To better capture semantic variations along meta-paths, we
incorporate the representations of intermediate nodes into the
semantic similarity computation. This design promotes both
the quality and diversity of the selected examples. Specifically,
when computing the meta-path similarity for node v with

respect to node u, we also account for the influence of
intermediate nodes m along the meta-path ¢. Their aggregated
representation is obtained via average pooling:

> b (3)
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where M denotes the set of intermediate nodes (the number

of nodes in the path instance excluding the endpoints).

This representation integrates the information from inter-
mediate nodes along the meta-path, serving as a key input for
subsequent semantic similarity calculation. It allows the model
to jointly capture both direct relational signals and the broader
indirect semantic context.

4) Meta-path Semantic Similarity Calculation: Following
the aforementioned computations, the semantic similarity
along meta-paths can be evaluated. Specifically, for a target
node v, the meta-path semantic similarity aims to measure
the similarity S(v,u) between nodes connected via a set of
meta-paths denoted by Pathy (v, u).

Since multiple meta-paths may exist between v and wu,
we employ a weighted fusion strategy. Concretely, for each
meta-path ¢ € Pathy(v, ), we compute the cosine similarity
between the node representations. The contribution of each
meta-path is then weighted by a factor wg, which assigns
higher weights to more frequent meta-paths in the network.

count (v, u)
)
> uep, county (v, u)
where county (v, u) is the number of instances of the meta-

path ¢ connecting v and u.
S(v,u) is then computed as:

4)

Wy =

Z¢€Path¢(v,u) Wy - COS (h/
Zqﬁer We

where ¢ € Pathg(v,u) denotes the meta-paths that exist
between node v and node u. P, denotes the meta-paths that
contain node v.

) (5)

)

S(v,u) =



TABLE I: Components of a Template for Converting ICL Examples into Text Prompts

System Prompt ICL Examples Query Node Answer
You are an intelligent academic literature classification system.  Paper854 (Label:Database) se-  Abstract: CORDS: au-  Label:

I will provide an abstract of a target paper and several examples  mantic similarity: 0.98, and tomatic generation of... ~ Database,
of similar papers with labels. Please infer the most likely label  there exists a meta-path: paper-  Query: Please infer the = Probability:
for the target paper based on semantic similarity, referring field-paper. label. 88%

to the labels of the examples, and output it in the format
‘(Label:_,Probability:_)‘.

Abstract: Query by output It has
recently been asserted...

5) Select The Top K Nodes: In this section, we select the
top-K nodes most relevant to the target node v based on
the meta-path semantic similarity S(v,u), thereby forming
the ICL examples set D,,. To identify the most representative
samples, we first define a scoring function ¥ (v, u) = S(v,u)-
T(u), where T'(u) is a graph node centrality metric. The
specific calculation is as follows:

D, = TopK (¥ (v, u)). (6)
u€ P,

B. Generation of prompt text and confidence score

To render the K selected example nodes suitable for LLMs,
they are converted into prompt text, and calibrated confidence
signals are generated. The core idea is to transform the
graph structure information into semantic text descriptions by
parsing the nodes and relationships in the graph. As shown in
Table I, the confidence signal is calculated as:

o(u,v) = LLM(T (u, v)) € [0,1], (7
where T'(u, v) represents the descriptions for nodes u and v.

C. Confidence score driven training

We design a loss function that leverages the calibrated
confidence o(u,v) (obtained from LLMs) to optimize the
HGNN. This aims to bridge the semantic gap between the
structural information of the graph and the textual semantics.

where 7, , denotes the importance ranking of the node in D,
with respect to the target node wu.

ay = ©)

Tu,v

where a, represents the weight of node v in the loss function.

sin(hy,hy)
(10)

»Cfccdback = - Z Z Qg log Z;

By =0 esin(hu,hj) .

This effectively incorporates the confidence from the LLMs
into Lfeedback to guide the optimization of the HGNN.

Las =— Y CrossEntropy(z;,y;), (11)

1€E[N]

where N is the number of nodes, x; and y; denote the feature
vector and the ground-truth label of node i, respectively. L
is the node classification loss, which enables the model to
capture both local and global structural patterns for learning
effective node representations.

The total loss function is defined as follows:

Ltotal = /\l:feedback + (1 - )\)Lclf- (12)

V. EXPERIMENTS
A. Experimental Settings

1) Datasets: We select three public heterogeneous graph
datasets for experiments: ACM [23], DBLP [24], and IMDB
[24]. The training set consists of 1%, 5%, and 10% of
labeled nodes randomly selected from each category, while
the remaining nodes are equally divided into a validation set
and a test set. ACM: We adopt the meta-paths { PAP, PSP},
DBLP: We adopt the meta-paths { APA, APCPA, APTPA},
IMDB: We adopt the meta-paths {MAM, MDM}.

2) Experimental Details: Our framework employs label
classification and probability inference for target nodes by
employing LLMs. To select the most suitable LLM, we
evaluate a series of models including SparkX1, Spark Lite,
Spark Pro, Spark Max, Spark Ultra, Hunyuan TI. Based on
the evaluation, we adopt Deepseek R1 [25]. The model’s
overall performance is evaluated using three metrics: Macro-
F1, Micro-F1, and AUC.

3) Baseline Methods: To systematically verify the effec-
tiveness of the proposed framework, we compare it with the
following three categories of baseline methods: Homogeneous
graph-based models: GCN [26]; Heterogeneous graph-based
models: HAN [13], HGT [16], RGCN [27]; GNNs integrated
with LLMs: GNN-RAG [3], AskGNN [11].

B. Main Results

We evaluate HGICL on three heterogeneous graph datasets:
ACM, DBLP, and IMDB. As shown in Table II, HGICL
consistently outperforms all baseline methods, achieving state-
of-the-art performance, which validates its ability to select
high-quality ICL examples. Specifically, its variants (e.g.,
HAN+LLM, HGT+LLM) consistently outperform baseline
methods such as AskGNN and GNN-RAG.

Effectiveness of Example Selection. Experiments demon-
strate that correctly leveraging heterogeneous graph structural
information for ICL examples screening can substantially
enhance the reasoning performance of LLMs. Our framework,



TABLE II: Performance evaluation of node classification on the ACM, DBLP and IMDB datasets with 1%, 5% and 10% of
the data used as training sets, where the optimal results are marked in bold.
Method ACM DBLP IMDB
Mi-F1 Ma-F1 AUC Mi-F1 Ma-F1 AUC Mi-F1 Ma-F1 AUC
Training Ratio: 1%
GCN 75.5242.32 75.844+1.12 85.314+0.17 75.85+1.15 75.52+0.24  85.86+0.16 40.71£0.12 38.6440.15 43.254+0.10
RGCN 78.254+1.83  76.384+0.78 86.51+0.30 78.59+1.28 76.56+£1.29 86.27+0.46 45.38+0.15 40.0240.13  47.5040.26
HAN 80.58+0.69  79.15+0.75 91.56+0.32 80.22+1.65 80.94+0.55 91.21+£0.39 45.35+0.11 40.06+0.26  48.53+0.31
HGT 80.50+0.32  78.89+0.12 92.814+0.28 80.694+0.27  79.83+0.36  92.324+0.06 45.79+0.36  40.39+0.26  48.22+0.17
GNN-RAG 78.874+0.17  78.3240.19 85.244+0.28  78.38+0.15  77.59+0.48  85.14+0.69 45.56+0.29 40.4140.16 46.234+0.59
AskGNN 84.63+0.13  84.31+£0.65 93.78+0.37 83.83+£0.42 83.51+£0.32 92.16+£0.31 45.53+£0.21 40.36+0.23 48.81+0.16
GCN+LLM 79.21£0.17  79.52+£0.45 88.96+0.16  77.23+0.69  79.82+0.11 88.65+0.10  41.02+£0.26  38.99+0.17 44.01£0.15
RGCN+LLM  83.9441.04 83.2440.95 93.5740.33 83.59+1.25 83.68+0.24 93.95+0.10 45.87+0.11 40.534+0.12  48.3240.20
HAN+LLM 86.23+0.16  86.72+0.46 94.88+0.68 86.25+0.74 86.931+0.72 94.924+0.35 45.98+0.23 40.47+0.15 49.42+0.31
HGT+LLM 86.51+0.92 83.68+0.18 95.84+0.44 86.80+1.96 84.76+0.82 95.08+0.61 46.03+0.22 41.61+0.10 49.7410.24
Training Ratio: 5%
GCN 85.45+0.28 84.95+0.15 93.94+0.09 85.17+0.16 85.08+0.29 93.98+0.47 46.52+0.21 44.67+0.12  49.83+0.08
RGCN 86.62+0.95 86.17£0.22 93.124+0.23  86.594+1.52 86.384+0.29 93.31+0.57 51.58+0.24 46.59+0.26  54.89+0.10
HAN 88.59+0.17 88.25+0.38 97.23+0.12 88.42+0.36 88.31+£0.27 96.25+0.51 51.65+£0.17 46.52+0.12  54.92+0.23
HGT 89.58+0.34  89.60+0.31 96.36+0.25 89.454+0.40 89.794+0.22  96.08+0.20 52.02+0.13  46.974+0.23  55.1440.37
GNN-RAG 87.16+0.26 86.92+0.42 94.74+0.11 87.29+0.17 86.46+0.24 94.37+0.08 51.63+0.43 46.28+0.14 54.53+0.31
AskGNN 88.85+0.13  88.82+£0.48 96.45+0.18 88.414+0.23 88.194+0.56 97.45+0.48 51.83+0.19 46.56+0.18 55.32+0.08
GCN+LLM 86.48+0.35 86.55+£0.28 94.314£0.27 86.364+0.35 86.53+0.23  94.63+0.12 47.02+0.15 45.10+£0.17  50.36+£0.37
RGCN+LLM  87.38+£0.25 86.95+£0.14  95.36+0.29 87.78+0.74 87.15£0.30 95454022  52.094+0.11 46.774+0.24  55.2140.13
HAN+LLM 89.63+0.48  89.67+0.61 97.2840.24  89.324+0.64 90.01+0.16  97.69+0.16 52.04+0.10 46.82+0.17 55.1640.21
HGT+LLM 90.56+0.30 90.554+0.39 97.33+0.35 90.68+0.59 91.77+0.29 97.63+£0.36  52.49+0.10 47.65+0.12 55.63+0.23
Training Ratio: 10%
GCN 87.58+0.25 87.31+£0.18 95.35+0.21 87.52+0.48 87.23+£0.39 9547+0.10 48.46+0.33 45.39+0.08 51.75+0.12
RGCN 87.83+0.29 87.66+0.36 96.19+0.11 87.26+0.52 87.57+£0.69 96.53+0.24 53.37+0.31 48.25+0.10 56.48+0.11
HAN 90.8740.21 91.054+0.13  97.864+0.10 90.53+0.35 91.244+0.39  97.37+042  53.36+0.11 48.12+0.26  56.401+0.06
HGT 90.17£0.47  90.19£0.23  96.51£0.12  90.64+0.64 91.384+0.27 97.4340.13  53.524+0.08 49.56+0.15 56.58+0.14
GNN-RAG 88.28+0.48 88.03+0.34 96.24+0.19  88.52+0.15 88.31+£0.64 96.12+0.16 54.36+0.41 48.38+0.29 57.05+0.53
AskGNN 91.084+0.12  90.954+0.23  97.774+0.15 90.924+0.23  90.58+0.33  97.42+0.11 53.37+£0.11  48.384+0.09  56.8540.05
GCN+LLM 88.63+1.96 88.36+£1.32 96.49+0.14 88.53+0.48 88.274+0.13 96.41+0.29 48.56+0.16 45.51+£0.15 51.88+0.19
RGCN+LLM  89.0740.32 89.374+0.22  97.574+0.19 89.284+0.32  88.82+0.64 96.97+0.12  53.84+0.10 49.53+0.12 56.8340.18
HAN+LLM 91.16+£0.29 91.29+0.49 97.68+0.11 91.06+0.31 91.71£0.15 98.33+0.38  53.934+0.13  49.46+0.08 57.06+0.27
HGT+LLM 91.03£0.35 91.544+0.23 98.61+0.26 90.95+0.76 91.88+0.18 98.59+0.23 54.93+0.17 49.86+0.15 57.394+0.12

which encodes structures via HGNNs, outperforms homoge-
neous methods by better capturing richer structural seman-
tics. For instance, on ACM with 1% labeled data, HGICL
(HAN+LLM) achieves an absolute gain of 5.6% in Micro-F1
over the pure HAN, whereas the GCN-based variant improves
by only 3.6%. This validates that effectively leveraging het-
erogeneity is key to selecting high-quality examples.

Robustness and Adaptability. Experimental results show that
HGICL obtains significant performance improvements over
the baseline models even under low-label scenarios. This
shows that the few-shot reasoning ability of LLMs effectively
enhances applicability in low-resource settings. As the propor-
tion of training data increases, the performance advantage of
HGICL remains stable. Furthermore, it generalizes well across
different heterogeneous datasets, confirming the framework’s
strong adaptability and practical viability.

C. Different versions of LLMs

This section investigates how the scale and architecture
of various LLMs influence the performance of the HGICL

framework in integrating semantic and structural information
from heterogeneous graphs.

TABLE III: Performance Comparison of Large Models.

Metric X1 Lite Pro Max Ultra T1 R1

Mi-F1 8575 86.09 86.12 86.21 86.04 86.17 86.23
Ma-F1 8595 86.52 86.29 86.44 8632 86.63 86.72
AUC 94.88 9431 94.05 94.67 9429 9454 94.88

We evaluate our framework on the ACM dataset using HAN
combined with multiple LLM variants (including Spark X1,
Spark Lite, Spark Pro, Spark Max, Spark Ultra, Hunyuan
T1, and Deepseek R1). The experimental results reveal a
strong correlation between the performance gain of the frame-
work and the inherent capability of the underlying LLMs.
Specifically, more powerful LLMs yield significantly higher
performance improvements compared to their weaker coun-
terparts, as illustrated in Table III. This phenomenon is likely
due to the former having undergone extensive pre-training on
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innovative modules: an ICL examples search method and a
ICL examples weight adjustment mechanism. The following
section provides a performance analysis of these two modules.

1) Analysis of ICL Examples Search Methods: To bench-
mark the ICL example selection capability of HGICL, we
conduct a comparative study on the ACM dataset under the
1% training set setting. Using HGICL (with HAN+LLM) as
our method, we compare its performance against two baseline
selection strategies, GNN-RAG and AskGNN, to analyze how
the search strategy affects final model performance.

As shown in Fig.3, the HGICL framework maintains a
steady advantage over baseline methods across training set
ratios from 1% to 10%. The key lies in its meta-path-
guided search strategy, which jointly leverages the structural
and semantic information of the heterogeneous graph. By
retrieving examples that are both semantically relevant and
topologically proximate, the strategy adheres to the graph’s
inherent topology. In heterogeneous datasets like ACM, this
enables an effective synergy between structural and semantic
information, driving HGICL’s performance gains.

2) Analysis of ICL Example Weight Adjustment: Different
ICL example nodes contribute unequally to the target node’s
representation learning, making it crucial to assign appropriate
importance weights to them. To evaluate the effect of the
ICL weight adjustment mechanism, we conduct a comparative
study on the ACM dataset using the HGICL framework,
which integrates HAN with DeepSeek. The weight adjustment
module is assessed by comparing model performance with and
without its inclusion. To isolate the mechanism’s contribution,
we replace the original meta-path-based search with a K-Hop

Fig. 5: Performance under different numbers of ICL examples.
The left represents the ACM dataset, and the right represents
the DBLP dataset.

search strategy, thereby reducing interference from the search
process and emphasizing weight adjustment.

The experimental results are shown in Fig.4. When the
training set ratio is 1%, the number of ICL examples available
is limited, and the contribution disparity between nodes is
not significant. Consequently, adjusting the weights has a
relatively minor impact on overall model performance. As
the proportion of the training set gradually increases, the
number of ICL examples grows, and the differences in their
representational contributions become more pronounced. The
effect of the weight adjustment mechanism on the performance
of the target node classification is progressively strengthened.
This indicates that, with sufficient training data, distinguishing
the importance of different ICL examples enables more effec-
tive aggregation of useful information, thereby improving the
overall performance of the model.

E. Parameter experiment

1) Number of ICL examples: To investigate the impact
of the number of ICL examples on the performance of the
HGICL framework, we systematically evaluate the model
with varying numbers of ICL examples, as shown in the
accompanying Fig.5. The experimental results show that the
performance of various frameworks differs significantly under
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Fig. 6: Performance variation of hyperparameter .

different numbers of ICL examples; furthermore, for the same
framework, the trend of performance change as the number
of examples increases varies across different datasets. The
study indicates that the optimal number of ICL examples is
jointly influenced by the specific model framework and the
characteristics of the dataset.

2) Analysis of the hyperparameter X\: To investigate the
role of the weighting factor A in Lyqta), this section conducts
a systematic hyperparameter analysis of A within the HGICL
framework, which integrates HAN with DeepSeek. We use
the ACM and DBLP datasets, across A values in [0.0, 1.0], as
shown in Fig.6. The results indicate that the model achieves
optimal performance when A ~ 0.3. This finding suggests
that, under this configuration, an optimal balance is reached
between the feedback-based loss term and the structure-based
loss term, thereby maximizing performance.

CONCLUSION

We propose HGICL, a novel framework that enhances node
classification on heterogeneous graphs by deeply coupling
HGNNs with LLMs. The framework introduces a meta-path-
guided example search mechanism to construct high-quality
ICL prompts, and leverages LLMs’ semantic reasoning to
generate feedback for optimizing HGNN parameters. HGICL
effectively leverages rich semantic information in graphs and
overcomes the limitations of existing K-hop retrieval and
graph-text alignment methods. Extensive experiments demon-
strate its superior accuracy and robustness over strong base-
lines. This work presents a new paradigm for collaborative
LLM-HGNN optimization, laying the groundwork for poten-
tial extensions to link prediction, recommendation systems,
and dynamic graph modeling.
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