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Heterogeneous information networks (HINs) play an indispensable role in a wide range of domain-specific
applications, from recommender systems to conversational platforms. Textual HINs are graphs with abundant
textual information. Currently, most advanced approaches to mine textual features from HINs follow a “pre-
training and fine-tuning” schema, which may cause a “negative transfer” problem since there is a gap between
pre-training tasks and downstream tasks. We propose a prompt-learning framework P-HIN that provides a
new angle to align textual information and graph information, while narrowing down the gap between the
pre-trained models and various downstream tasks. To the best of our knowledge, we are among the first to
introduce and exploit the idea of prompt learning to align HIN features and textual features. The proposed
framework P-HIN is composed of a text encoder and a graph encoder and uses contrastive learning to align
and fuse the graph–text pair. This pre-training operation naturally fits the few-shot learning setting. For the
graph encoder, we introduce two graph pre-training tasks, masked node modeling and edge reconstruction, to
exploit self-supervised information. During optimization, instead of handcrafted prompts, we use a learnable
continuous text that enables more efficient and task-relevant transfer to downstream datasets. We consider
a residual connection to use the context from the graph to prompt the text encoder. In experiments, P-HIN
consistently and significantly outperforms state-of-the-art alternatives on all real-life datasets.
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1 Introduction
Heterogeneous Information Networks (HINs) are widespread and can be found in diverse
contexts [38]. Real-world networks, which span Knowledge Graphs (KGs), social networks,
and user–item interactions in search and recommender systems, are inherently heterogeneous,
containing a variety of node and link types [14, 26, 32]. Unlike homogeneous information networks,
where all nodes are assumed to be of the same type, HINs offer a more diverse and nuanced way to
represent and describe network structures. Textual HINs are graphs with textual information, e.g., a
title and an abstract of a paper node in an academic network, which can provide fruitful additional
information for downstream tasks. This enables the development of more effective solutions for a
broad range of tasks in knowledge discovery, information retrieval, and data mining, such as link
prediction, node classification, recommendation systems, and anomaly detection [2, 3, 5, 49].

Most current work on HINs ignores such textual information and maps the node of a graph
into low-dimensional representations based only on structural information [10, 21, 24]. To address
this gap, some models for mining information networks propose to integrate textual information
into the node representations. They mainly design a framework to incorporate a node’s structural
information with textual information to generate a single representation [39, 43, 44].

The textual network embedding models discussed above rely heavily on the availability of a
large number of training labels to function effectively. When training, it is typically assumed that
most of the labels in the network are accessible, and these models are designed to classify nodes
only based on the labels they have been trained on.

To enable models to deal with few-shot settings, the “pre-training and fine-tuning” paradigm
has been proposed [20, 48]. Here, models are first pre-trained in self-supervised manner, which
does not need labels, followed by transfer learning of the pre-trained model to classify nodes with
unseen labels after the fine-tuning stage. Such “pre-training and fine-tuning” methods may have
“negative transfer” issues. This is because downstream tasks involving graphs may be very diverse,
including node level (e.g., node classification), graph level (e.g., link prediction), and edge level
(e.g., link prediction) tasks. Thus, gaps may emerge when pre-trained models are fine-tuned on the
downstream tasks.

To address the above issues, prompt learning in Natural Language Processing (NLP) has been
proposed. This strategy reformulates downstream tasks to look like pre-training tasks [27]. With or
without slight fine-tuning, prompt learning helps to quickly adapt prior knowledge to unseen tasks,
which narrows the gap between pre-training and downstream tasks, while facilitating few-shot
learning. Recently, prompt learning has also been adopted in multi-modal scenarios, aligning image
and textual data [30, 52]. However, no technique based on prompt learning has been used to deal
with graph and textual data.

Some work apply prompt learning to graph data [7, 28, 34, 35]. However, they mainly treat the
graph as natural language, adding prompt tokens or prompt subgraphs. They focus on mining the
features of the network itself and are not able to use potentially useful textual information.
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Both the existing “pre-training and fine-tuning” models for textual networks and “pre-training,
prompt learning, and fine-tuning” models for normal networks have originally been designed for
single-modal information networks. No prior research has attempted to address the dual challenges
of multi-modal and few-shot learning within the context of textual HINs.

Our Approach. We address the limitations highlighted above and propose

—a text encoder to use textual information,
—a graph encoder that encodes structural and heterogeneous features, alongwith self-supervised
information,

—a contrastive learning mechanism to fuse text and graph embeddings, and
—a learnable continuous prompt learning framework to align textual and graph data, while
solving the few-shot problem on textual HINs.

We refer to the aforementioned prompt learning framework, which we have developed to tackle
few-shot learning problems on textual HINs, as P-HIN. To the best of our knowledge, our work
is among the first to apply prompt learning to integrate graph data with textual data and benefit
downstream tasks.
P-HIN consists of two key components, a text encoder and a graph encoder, which are used

for transforming text and graph data into low-dimensional vector representations, respectively.
We adopt Sentence-BERT (SBERT) [31] as the text encoder to produce the textual embeddings.
For our graph encoder, we first sample subgraphs to be processed and force them to have all
types of nodes to ensure heterogeneity. Then, we apply an autoencoder [40] mechanism to explore
structural features and a Bi-LSTM on type-grouped nodes to capture the heterogeneity of a graph.
Additionally, we introduce two graph pre-training tasks, viz. Masked Node Modeling (MNM)
and Edge Reconstruction (ER), to effectively use node-level and edge-level self-supervised
information.

The natural question that emerges at this stage is: how to integrate the learned text embedding and
graph embedding into one single representation? We introduce a contrastive learning framework that
is able to fuse these two kinds of embedding. Given a pair of text and subgraph, if they both belong
to a given node, they are matched. A contrastive learning framework is designed to maximize the
similarity score of a matched pair while minimizing the score of an unmatched pair.

We need to transfer the above pre-trained model to downstream tasks to fit the few-shot setting.
During the optimization phase, for each new classification task, the classification weights can be
generated by feeding prompts describing classes of interest to the text encoder and comparing
them with the structural and heterogeneous features generated by the graph encoder.

Prompt design is crucial to performance on downstream tasks, as a slight change of words in the
prompts may influence the model performance [52]. Instead of designing handcrafted prompts like
“a paper of [CLASS] domain,” we introduce learnable and continuous prompts that are generated
automatically. As we will see below, our automated prompt engineering leads to more task-relevant
and efficient transfer for our pre-trained model.

Experiments. To demonstrate the effectiveness of P-HIN, we consider four real-life datasets. OAG
is a bibliographic network with papers to be classified into research domains. YELP is a venue
check-in dataset with restaurants to be categorized into different kinds of labels. These two datasets
only have five labels. We also consider Amazon and Reddit, an e-commerce network with 16 labels
and a forum dataset with 41 labels, to verify that P-HIN can be applied in diverse practical scenarios.
Our work is applicable to four downstream tasks: node classification, graph classification, link
prediction, and keyword generation, showcasing its adaptability and wide-ranging applicability.
Keyword generation is the task that cannot be realized by traditional textual network embedding
methods. P-HIN is able to generate keywords thanks to the autoregressive generation abilities of
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the prompt-tuning framework. We observe that P-HIN consistently and significantly surpasses
state-of-the-arts across all datasets and downstream tasks we evaluated.

Contribution. Our contribution is three-fold:

—We propose a prompt learning framework P-HIN to align textual information and graph
information in textual HINs, and deal with few-shot learning problems simultaneously.

—We introduce a graph encoder that can capture structural and heterogeneous features of HINs,
meanwhile preserving the node-level and edge-level self-supervised information.

—We demonstrate that P-HIN significantly and consistently outperforms state-of-the-art alter-
natives across various textual HINs.

Organization. Section 2 introduces related work, and Section 3 introduces some key preliminaries.
Section 4 provides a detailed account of the P-HIN framework. Section 5 presents our experimental
setup, and Section 6 details and analyses our experimental results. Section 7 concludes the article.

2 Related Work
Representation Learning for HINs. Traditional representation learning models for HIN are based
on the meta structure, which depicts the heterogeneous features, i.e., metapath or metagraph.
metapath2vec [6] uses a heterogeneous SkipGram to describe the metapath. HINE [16] employs a
metapath-based proximity measure that minimizes the discrepancy between the joint probability
of nodes and their empirical probabilities. HIN2Vec [11] uses Hadamard multiplication of nodes
and metapaths to encode and capture heterogeneous features within the network. M-HIN [9] and
M-DHIN [10] use metagraphs in complex space to encode multiple heterogeneous relations.

Graph neural networks have been used to handle heterogeneous features. HetGNN [50] encodes
type-specific features via Bi-LSTM and then fuses the features of different types. HGT [15] describes
heterogeneous attention using node- and edge-type-dependent parameters. SeHGNN [45] employs
a lightweight aggregator to pre-compute neighbor information and a transformer-based semantic
fusion module to integrate features from various metapaths. ie-HGCN [46] introduces a hierarchical
aggregation framework, which first performs object-level aggregation and then proceeds with
type-level aggregation. HeCo [42] uses a cross-view contrastive mechanism, using both network
schema and meta-path views, to capture both local and high-order structures within a HIN.

Several methods have been developed specifically for pre-training HINs. CPT-HG [18] introduces
relation- and subgraph-level pre-training tasks and employs contrastive learning to improve the
quality of learned embeddings. PT-HGNN [17] designs node- and schema-level pre-training tasks to
contrastively preserve both heterogeneous semantic and structural features. PF-HIN [8] transforms
the neighborhood into sequences and creates node- and sequence-level pre-training tasks. SHGP
[47] consists of two modules sharing a single attention-aggregation mechanism; one module
generates pseudo-labels through structural clustering, which serve as self-supervision signals to
guide the other module in learning network embeddings.

The above training or pre-training methods designed for representing HINs all focus on the
graph itself while neglecting the textual information.

Training for Textual Network. Many graphs have rich textual information [44], which raises the
question of computing textual network embeddings [39]. TADW [44] incorporates textual features
into the representation using a matrix factorization framework. CENE [36] treats texts as nodes
to integrate textual and structural information. CANE [39] learns a text-aware node embedding
through a mutual attention mechanism that models the semantics of nodes. WANE [33] enhances
node representations by integrating textual features, achieved through matching important words
between text sequences for all node pairs. NEIFA [43] introduces a deep neural architecture designed
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to effectively combine structural and textual information into a unified representation. DetGP [4]
proposes a Gaussian Process to dynamically model the structural and textual information.

Some researchers have also incorporated the schema of pre-training and fine-tuning into textual
network processing. Unlike traditional textual network embedding models that focus on learning
node representations for downstream tasks, these approaches primarily pre-train language models
to be fine-tuned for specific applications. For example, DRAGON [48] takes pairs of text segments
and relevant KG subgraphs as input and bidirectionally fuses information from both modalities. It
employs two pre-training tasks, viz. masked language modeling and link prediction. PATTON [20]
introduces two pre-training strategies, namely network-contextualized masked language modeling
andmasked node prediction, aiming to capture the inherent dependencies between textual attributes
and network structures.

The aforementioned models that adopt the “pre-training and fine-tuning” schema may encounter
a “negative transfer” issue, as graph tasks, including node-, graph-, and edge-level tasks, are highly
diverse, and the pre-training tasks often do not align well with downstream tasks. P-HIN aims to
offer a fresh perspective for exploring textual networks and to bridge the gap between pre-training
and downstream tasks by incorporating prompting techniques.

Prompt Learning. Cloze-style prompts have become a widely used technique in NLP research.This
approach uses pre-trained language models to generate answers, thereby enhancing performance
across various downstream NLP tasks. The design of these prompts is crucial for achieving optimal
results. For instance, Jiang et al. [19] employ text mining and paraphrasing to create candidate
prompts and select the best ones based on training accuracy. However, crafting discrete prompts
often requires expert input, and there is no guarantee that these prompts will be optimal. Therefore,
another line of work [22, 25, 51] adopts learnable continuous prompts, all of which optimize
prompt vectors in the word embedding space. The technique is widely used in NLP. See [27] for a
comprehensive survey.

Integrating text and graph data could be regarded as a multi-modal problem. Multi-modal prompt
learning models [30, 52] focus on aligning the image and text in a contrastive learning framework.

More and more studies of prompt learning on graphs have been put forward recently. Wang
et al. [41] develop a theoretical framework that rigorously examines graph prompting within the
context of data operations, explaining why graph prompt learning works. Zi et al. [53] provide a
comprehensive benchmark for graph prompt learning, integrating six pre-training strategy and five
prompt techniques. GPPT [34] applies prompt learning on graph data by adjusting the downstream
node classification task to look similar as its pre-training task. GraphPrompt [28] unifies pre-
training and downstream tasks into a common task template and introduces prompt tuning to
enhance downstream task performance. However, it focuses solely on graph data, neglecting textual
information and failing to address the heterogeneity of graphs. Sun et al. [35] propose a novel
multi-task prompting method for graph models, unifying the format of graph prompts and language
prompts through prompt tokens, token structures, and insertion patterns. GPF [7] operates on the
input graph’s feature space and theoretically achieves an equivalent effect to any form of prompting
function. HetGPT [29] applies the “pretrain-prompt” framework on HINs, while it is limited to one
downstream task, i.e., node classification. EdgePrompt [12] chooses to learn edge-specific prompt
vectors and incorporates edge prompts through message passing in pre-trained GNNs, while it is
limited to node classification and graph classification tasks. IA-GPL [23] designs instance-specific
prompts and employs learnable codebook vectors to quantize these prompts, while it is also limited
to node classification and graph classification tasks. See [37] for a comprehensive survey.

The aforementioned graph promptingmethods primarily focus on applying prompting techniques
to the structural aspects of HINs, overlooking the rich textual information available. P-HIN is the
first work to introduce prompting techniques for aligning and fusing graph and textual data within
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Fig. 1. The pre-training framework of P-HIN.

textual HINs, enabling multi-modal few-shot learning. This approach also enhances performance
across various downstream tasks, including node and graph classification, link prediction, and
keyword generation.

3 Preliminaries
Textual HIN. A textual HIN is denoted as � = (+ , �, ',) ), where + denotes the node set, � denotes
the edge set, and ' denotes the text set. Each E8 ∈ + is associated with some textual information
AE8 ∈ '. )+ denotes the set of node type and )� denotes the set of edge type. A HIN is defined as a
network where |)+ | > 1 and/or |)� | > 1, otherwise, it is a homogeneous network.
Prompt Learning for Textual HINs. Given a textual HIN � = (+ , �, ',) ), the task involves pre-

training both the HIN and textual information, and then aligning them via prompting techniques
to form the adapted language model"� . Then, we fine-tune the language model"� on different
downstream tasks in a few-shot setting, not only for typical graph tasks such as node classification,
graph classification, and link prediction, but also for NLP tasks, such as keyword generation.

4 The Proposed Model P-HIN
4.1 Text Encoder
The pre-training framework of P-HIN is illustrated in Figure 1. It is composed of two encoders, i.e., a
text encoder and a graph encoder.The text encoder maps natural language text to a low-dimensional
representation. We use the SBERT [31] model to generate the fixed-size text embeddings.

Instead of using a pre-trained text model, we train the text encoder from scratch using the textual
information in HIN. Using a pre-trained text model would introduce external corpora, which would
be unfair for existing models processing textual HINs.

4.2 Graph Encoder
The graph encoder maps graph data into a low-dimensional embedding.

Heterogeneous Subgraph Sample. For a given node, we first need to sample the subgraph around
it. Notice that only one subgraph will be sampled for a given node. Then, the subgraph is processed
by the graph encoder to generate the node representation. After sampling the subgraph, the nodes
within a subgraph will be ranked via centrality metrics that evaluate a node’s importance [1]. The
rank of each node will be used as position information in the following pipeline.

The sampling strategy we employ is Random Walks with Restart (RWR). This strategy starts
a random walk from the given node E . However, RWR has a distinctive feature: at each step, before
moving, the walker has a fixed probability p of being teleported back to the original starting node.
In other words, it will either hop to a neighbor or restart at the source. This process continues until
all types of the nodes are collected, so as to ensure the encoder captures the heterogeneity of the
network. The restart probability forces the walk to stay relatively close to the source, capturing the
local neighborhood structure. This makes RWR particularly effective at finding nodes that are not
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only directly connected but also contextually similar to the source based on the overall network
topology.

Structural Module. We adopt an autoencoder to capture the structural information of the subgraph.
Given the adjacency matrix � of a subgraph, it will first be processed by an encoder to generate
the latent embeddings by several layers. The decoder then reverses this process to generate the
reconstructed output �̂. The training process for an autoencoder aims at minimizing the discrepancy
between its input and output data, ensuring that nodes with similar structural properties are mapped
to similar embeddings. Mathematically,

Lstructure = ‖(�̂ −�) � �‖2� , (1)

in which � is the penalty assigned to non-zero elements to alleviate the sparsity issue; � is element-
wise product.

Heterogeneous Module. Nodes sharing the same type are first grouped together so as to capture the
heterogeneity of a graph. Although this grouping may disrupt the original subgraph structure, the
structural features are already preserved by the autoencoder in the structural module. To process
the distinct features within each group, we employ a Bi-LSTM, which is effective at capturing the
interactions among node features, thereby providing strong expressive power for complex pattern
representation.

Given a node group (E
)9

with type )9 , the representation ℎE
)9

of node E can be calculated as:

ℎE)9 =

∑(E
)9 Bi-LSTM{E}
|(E
)9
| . (2)

Next, we apply an attention mechanism to aggregate information from all type groups, generating
a comprehensive representation ℎE for the given node.

To generate the representation of the given node, we use an attention mechanism to aggregate
the information from all type groups:

ℎE =
∑

)9 ∈{) }
UE,9ℎE)9 , (3)

UE,9 =
exp{X (DTℎE

)9
)}∑

)8 ∈{) } exp{X (DTℎE)8 )}
, (4)

in which X represents the activation function, specifically a LeakyReLU, and D ∈ R3 represents the
attention parameter.
Self-Supervised Pre-Training. To further pre-train the subgraphs using self-supervised informa-

tion, we introduce two pre-training tasks: MNM and ER, which enable node-level and edge-level
exploration of the graph, respectively.

For MNM, we sort the nodes in the subgraph based on their rank and we randomly replace 15% of
the nodes with [MASK] token. The sorted sequential nodes will be fed into a transformer encoder,
in which the embeddings produced by a Bi-LSTM will be taken as the token embeddings and the
rank information is taken as the position embedding. The learned hidden state ℎ)A0=BE after the
transformer encoder will be fed into a feedforward layer to predict the target node. Mathematically,

IE = Feedforward(ℎ)A0=BE ), (5)

pv = softmax(WMNMIE), (6)

in which IE represents the output of the feedforward layer, WMNM ∈ +E × 3 is the classification
weight shared with the input node embedding matrix,3 represents the dimension of the hidden state
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size, +E represents the number of nodes in the subgraph, and pv denotes the predicted probability
distribution of node E over all nodes. The loss is computed using the cross-entropy between the
predicted distribution pC8 and the one-hot label yC8 , ensuring the model accurately predicts the
masked nodes,

LMNM = −
∑
8

~8 log?8 , (7)

in which ~8 and ?8 represent the 8th components of the one-hot label vector y8 and the predicted
probability distribution vector p8 , respectively.

For ER, we sample the positive and negative edges in a subgraph. Positive edges do exist in the
original subgraph while the negative edges do not exist in the original subgraph. Given the positive
edges and negative edges united as �( , in practice, we set |�( | = 6 with positive edges and negative
edges split equally. We calculate the score of ER via the inner product between the pair of nodes,
i.e., 4̂DE = ℎE � ℎD . To compute the ER loss, we adopt the binary cross-entropy loss between the
predicted edges and ground-truth edges:

LER = − 1
|�( |

∑
4DE ∈ |�( |

BinaryCrossEntropy(4DE, 4̂DE). (8)

4.3 Pre-Training via Contrastive Learning
P-HIN is trained to fuse the representation spaces of text and graphs, while the learning objective
is designed as a contrastive loss. Following standard practices in contrastive learning, given a
batch of text-graph pairs, P-HIN needs to maximize the similarity scores for matched pairs, while
minimizing the scores for unmatched pairs. We adopt cosine similarity, mathematically,

Lcontrast = − log
4 j (ℎ@ ,ℎ

+
8 )∑#

8=1 4
j (ℎ@ ,ℎ8 )

, (9)

where j () denotes the similarity scores, ℎ@ denotes the targeted text representation, ℎ8 denotes the
node representation, while ℎ+8 denotes the matched one.

The overall pre-training loss is combined with the structural loss, MNM loss, ER loss, and
contrastive loss sharing equal weights:

LOverall−loss = Lstructure + LMNM + LER + +Lcontrast . (10)

In a contrastive learning setting, high-quality negative samples are helpful to boost the model
performance. The text and subgraphs we use in a batch are chosen from nodes with the same label
to make them hard to be distinguished.

4.4 Prompt-Tuning Optimization
Figure 2 illustrates the prompt-tuning optimization framework. P-HIN can be applied in a few-shot
setting as it is pre-trained to predict whether a node’s subgraph matches a textual description.
This can be realized by comparing the node embedding generated by the graph encoder with
the classification weights produced by the text encoder. The textual description can be used to
specify node classes of interest. Given a node E , its node embedding learned by the graph encoder
is denoted as � , and the weight vectors generated by the text encoder is denoted as {F8 } 8=1, where
 denotes the number of classes. Each weight F8 is learned from the prompt, e.g., “a paper of
[CLASS] domain,” and the class token can be the specific class name, such as “information retrieval,”
“database,” or “data mining.” For a graph classification downstream task, the prompt is designed
similar as for node classification, that is, “a graph of [CLASS] community.” To facilitate the link
prediction downstream task, the prompt could also be designed as “The two nodes are [CLASS],”
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Fig. 2. The prompt-tuning optimization framework of P-HIN.

and it is a binary class token like “connected” and “unconnected.” Mathematically, the prediction
probability can be calculated as:

? (~ = 8 |E) = exp(〈F8 , � 〉/g)∑ 
9=1 exp(〈F 9 , � 〉/g)

, (11)

in which g is a learnable temperature parameter. It is optimized jointly with other parameters during
training to adaptively scale the similarity logits and balance the concentration of the contrastive
loss. 〈·, ·〉 denotes the similarity score.
Continuous Prompt. Instead of manual prompts that should be designed by experts, here we

choose continuous vectors to replace the text words, which could be learned end-to-end from data.
Specifically, the prompt % sent to the text encoder should be devised as:

% = [+1] [+2] . . . [+" ][CLASS], (12)

where [+" ] is a vector with the same dimension as the word embeddings in the training phase, and
" is a hyper-parameter that denotes the number of continuous vectors in the prompt. After sending
the continuous prompt % to the text encoder Text (·), the classification weight vector representing
a node’s concept can be obtained. Mathematically, the prediction probability is calculated as:

? (~ = 8 |E) = exp(〈Text (%8 ), � 〉)/g∑ 
9=1 exp(〈Text (% 9 ), � 〉/g)

, (13)

where the class token within each prompt %8 is replaced by the word embeddings of the 8th class
name.

Residual Connection. Considering the context nodes of the given node, e.g., the author nodes of
the paper node, will help the text encoder become more accurate. Therefore, to further prompt the
pre-trained language model, we use the context of the given node’s subgraph based on residual
connection between text encoder and graph encoder. We first send the text embeddings of class
label and node embeddings to the self-attention layer, in order to facilitate the text features to find
the most relevant contextual nodes of the given node. Having the output of the attention layer �4 ,
we then update the text features via a residual connection as follows:

Text (%) ← Text (%) + _�4, (14)

where _ is a parameter to control the scaling of the residual. We initialize _ as a small value 10−4
so that the language priors from the text features could be maximally maintained.
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To optimize the text vectors, we conduct training to minimize the standard classification loss
based on cross-entropy. The gradients can be back-propagated through the text encoder Text (·),
in which the rich knowledge encoded in the parameters could be used. Our choice of continuous
vectors also enables the full exploration of the word embedding space, which improves the learning
of task-relevant text.
Summary. The pseudocode in Algorithm 1 summarizes the comprehensive learning workflow

of P-HIN. Given a textual HIN, we first conduct the pre-training phase (line 1). We first generate
the pre-trained representations for textual information (line 3). Then, we generate the pre-trained
representations for HIN via the proposed modules, i.e., structure module, heterogeneous module,
and self-supervised pre-training module (line 4–9). After that, we calculate the L$E4A0;;−;>BB to
align the textual data and graph data, generating the final pre-trained text encoder. Next, we move
on to the prompt learning phase (line 13). Specifically, we first generate the continuous prompt
(line 15) and add a residual connection to the text encoder (line 16). Finally, we calculate the
prediction probability of the [CLASS] token to facilitate various downstream tasks.

5 Experimental Setup
In this section, we introduce the details of the real-world datasets, baseline models, and parameter
settings.

5.1 Datasets
We consider four real-world datasets, i.e., OAG,1 YELP,2 Reddit,3 and Amazon [20]. OAG is a
bibliographic graph network having four types of nodes, i.e., author, paper, venue, and institute.
We choose the title and abstract as texts. We extract a subset of it, covering five kinds of labels of
the paper nodes and venue nodes: (i) database, (ii) data mining, (iii) machine learning, (iv) NLP,
and (v) information retrieval. We choose two types of nodes to be classified to further illustrate
that our model is able to process heterogeneous settings. These two types of nodes share the same
classification labels, while they are trained separately.

YELP is a venue check-in network and has four types of nodes, i.e., review, customer, restaurant,
and food-related keywords. The textual descriptions are the reviews of the restaurant, while the
restaurants are divided into five kinds of labels: (i) Chinese food, (ii) Indian food, (iii) French food,
(iv) fast food, and (v) sushi bar.

Reddit is a dataset extracted from the online forum Reddit (based on the posts made in the month
of October 2022) and has three types of nodes, i.e., user, post, and comment; textual descriptions
are titles and contents of posts. The label to be classified is the community a post belongs to. OAG
and YELP only have 5 labels for few-shot classification, while Reddit has 41 labels, which could
verify that P-HIN could fit into different practical scenarios.

We also include the datasets used in PATTON for a fair comparison, Amazon [20]. It is an
e-commerce network and contains items about sports from Amazon. It is also an HIN as it has three
types of nodes, i.e., user, item, and review. It has 16 labels for item nodes, classifying the specific
sport the item belongs to. The description of the items is regarded as the textual information.

We split the datasets into 80% training datasets, 10% validation datasets and 10% testing datasets.
Baselines are all trained based on this setting. Table 1 summarizes the information about the above
datasets.

1https://www.microsoft.com/en-us/research/project/open-academic-graph.
2https://www.yelp.com/dataset_challenge.
3https://www.reddit.com.
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Algorithm 1: The Learning Pseudocode of P-HIN

Table 1. Dataset Statistics

Dataset #nodes #edges #labels

OAG 432,362 1,837,362 5
YELP 382,472 2,412,428 5
Reddit 284,674 24,763,542 41
Amazon 314,448 3,461,379 16

5.2 Baselines
We first choose several baselines that learn textual network embeddings, that is, TADW [44],
CENE [36], CANE [39], WANE [33], NEIFA [43], and DetGP [4]. We also include multi-modal mod-
els that apply a “pre-training and fine-tuning” framework, i.e., DRAGON [48] and PATTON [20].
Then, we choose HeCo [42] and PT-HGNN [17] as representative models of representation learn-
ing for HINs without using textual information. HeCo is a typical model using GNN encoders
to encode HINs and PT-HGNN applies pre-training techniques for HIN modeling. In addition,
we choose representation learning models that apply prompting techniques, that is, GPPT [34],
GraphPrompt [28], GPF [7], HetGPT [29], EdgePrompt [12], and IA-GPL [23]. Sun et al. [35] did
not assign a name for their proposed model; for convenience, we name their model AllinOne. GPPT
is only applicable to node classification tasks. GraphPrompt is only applicable to node classification
and graph classification tasks. GPF is only applicable to graph classification. AllinOne is applica-
ble to node classification, graph classification, and link prediction. HetGPT is only applicable to
node classification. EdgePrompt and IA-GPL are only applicable to node classification and graph
classification.
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5.3 Parameters
The latent dimensions of all representations are fixed to 512. For the text encoder, the vocabulary
size is 49,152 and each text sequence is fixed to 77 with the [SOS] and [EOS] encompassed. The
text vectors in optimization are initialized by a zero-mean Gaussian distribution with standard
deviation equal to 0.02. The number of text tokens is set to 8. We adopt SGD for training with an
initial learning rate of 0.002; it is decayed using the cosine annealing rule. The maximum epoch is
set to 200. To mitigate explosive gradients observed in early training iterations, we use the warmup
trick by fixing the learning rate to 14 − 5 during the first epoch. Three labels are used for training
in OAG and YELP, and the rest for testing. Data with 31 labels is used for training on the Reddit
dataset, with the rest used for testing. For the baselines, we directly adopt the best parameter
configurations reported in their original papers. Baselines use the model trained on the training
dataset to classify the unseen samples in their testing dataset. We use 1-shot, 3-shot, and 5-shot
samples per class for training. Pre-training and prompt-tuning stages share the same experimental
parameters.

We use an Intel(R) Xeon(R) Platinum 8268 CPU and Tesla V100 to run experiments with both the
pre-training and downstream tasks.

6 Experimental Results
Our experiments cover multiple typical graph tasks, i.e., node-level (node classification), graph-level
(graph classification), and edge-level (link prediction) tasks. In addition, we also introduce the
keyword generation task to verify our model’s broad application. We introduce the results of these
tasks in the following subsections. In addition, we also include ablation analysis, parameter analysis,
and efficiency evaluation to comprehensively analyze the proposed model.

6.1 Node Classification
We first evaluate the performance of P-HIN and the baselines on the node classification task. Note
that OAG has two types of nodes to be classified; we use OAG-P and OAG-V to denote the results
of classifying paper nodes and venue nodes, respectively. Accuracy (ACC) and Macro-F1 score are
adopted as evaluation metrics (averaged over five folds). The experimental results for the node
classification task under 1-shot, 3-shot, and 5-shot settings are displayed in Tables 2–4, respectively,
with the highest scores emphasized in bold. “Improvement” denotes P-HIN’s improvement compared
with the best baseline PATTON. We performed a paired two-tailed t-test to determine statistical
significance, with a marked improvement of P-HIN over the top-performing baseline PATTON (for
p< 0.05) indicated by the symbolÎ .
P-HIN consistently and significantly outperforms the baselines on all datasets under 1-shot,

3-shot, and 5-shot settings, which demonstrates the model’s effectiveness. Specifically, all textual
network embedding models underperform compared to P-HIN, due to their inability to address
the few-shot learning problem. GPPT, GraphPrompt, AllinOne, HetGPT, EdgePrompt, and IA-GPL
have comparable performance with DetGP even without using textual information. This is because
their prompt technique helps to deal with few-shot settings. HeCo and PT-HGNN perform worse
than graph prompt methods, further illustrating the effectiveness of prompt techniques. GRAGON
and PATTON perform better than other baselines that pre-train the graph and language model to
realize multi-modal learning. This verifies the power of encoding both text and graph information.
However, this pre-training strategy leaves a gap between pre-training and downstream tasks. P-HIN
performs the best, and with fewer training shots, the improvement gap increases, which further
verifies P-HIN’s ability to deal with few-shot settings. We believe its solid performance can be
attributed to the fact that P-HIN provides a new angle to use textual information of graphs based
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Table 2. Results on the 1-Shot Node Classification Task

OAG-P OAG-V YELP Reddit Amazon

Model ACC MAC-F1 ACC MAC-F1 ACC MAC-F1 ACC MAC-F1 ACC MAC-F1

TADW 0.211 0.279 0.232 0.303 0.188 0.256 0.078 0.196 0.146 0.221
CENE 0.217 0.288 0.236 0.312 0.195 0.261 0.084 0.202 0.157 0.228
CANE 0.228 0.297 0.251 0.336 0.201 0.268 0.087 0.210 0.162 0.234
WANE 0.233 0.301 0.257 0.343 0.207 0.274 0.094 0.218 0.171 0.239
NEIFA 0.241 0.307 0.265 0.351 0.215 0.278 0.099 0.224 0.177 0.246
DetGP 0.259 0.322 0.302 0.378 0.225 0.295 0.105 0.232 0.194 0.264
DRAGON 0.268 0.334 0.311 0.388 0.231 0.311 0.118 0.241 0.205 0.281
PATTON 0.272 0.341 0.316 0.394 0.238 0.318 0.126 0.244 0.218 0.288
Heco 0.236 0.296 0.261 0.341 0.195 0.257 0.078 0.202 0.165 0.238
PT-HGNN 0.242 0.302 0.266 0.347 0.203 0.268 0.085 0.214 0.172 0.244
GraphPrompt 0.257 0.320 0.283 0.357 0.223 0.292 0.103 0.230 0.192 0.260
GPPT 0.261 0.322 0.288 0.364 0.221 0.286 0.105 0.235 0.195 0.268
AllinOne 0.263 0.319 0.291 0.363 0.236 0.295 0.106 0.228 0.197 0.271
HetGPT 0.268 0.334 0.295 0.379 0.237 0.304 0.110 0.235 0.201 0.275
EdgePrompt 0.266 0.328 0.292 0.372 0.235 0.298 0.108 0.231 0.196 0.266
IA-GPL 0.264 0.329 0.287 0.369 0.229 0.296 0.104 0.229 0.190 0.261

P-HIN 0.347Î 0.426Î 0.388Î 0.471Î 0.311Î 0.392Î 0.158Î 0.323Î 0.275Î 0.365Î

Improvement 21.6% 20.0% 22.8% 19.5% 23.5% 18.9% 20.3% 24.5% 20.9% 21.1%

Table 3. Results on the 3-Shot Node Classification Task

OAG-P OAG-V YELP Reddit Amazon

Model ACC MAC-F1 ACC MAC-F1 ACC MAC-F1 ACC MAC-F1 ACC MAC-F1

TADW 0.404 0.512 0.432 0.547 0.395 0.481 0.295 0.398 0.331 0.453
CENE 0.418 0.520 0.445 0.554 0.401 0.490 0.304 0.403 0.338 0.458
CANE 0.423 0.525 0.452 0.558 0.408 0.496 0.311 0.412 0.342 0.464
WANE 0.429 0.528 0.454 0.566 0.418 0.501 0.321 0.421 0.346 0.467
NEIFA 0.438 0.536 0.461 0.572 0.426 0.506 0.327 0.427 0.351 0.471
DetGP 0.447 0.539 0.470 0.577 0.430 0.511 0.338 0.438 0.375 0.482
DRAGON 0.457 0.543 0.478 0.584 0.437 0.518 0.345 0.443 0.384 0.490
PATTON 0.461 0.546 0.484 0.591 0.441 0.523 0.349 0.448 0.388 0.495
HeCo 0.420 0.507 0.444 0.550 0.407 0.483 0.310 0.408 0.349 0.465
PT-HGNN 0.425 0.513 0.447 0.554 0.413 0.489 0.314 0.417 0.354 0.469
GraphPrompt 0.444 0.528 0.464 0.569 0.428 0.510 0.336 0.437 0.372 0.477
GPPT 0.441 0.530 0.460 0.565 0.425 0.508 0.334 0.432 0.373 0.480
AllinOne 0.450 0.539 0.472 0.575 0.428 0.506 0.338 0.440 0.378 0.484
HetGPT 0.455 0.535 0.474 0.572 0.435 0.511 0.340 0.442 0.382 0.487
EdgePrompt 0.453 0.532 0.473 0.570 0.432 0.507 0.337 0.441 0.377 0.486
IA-GPL 0.448 0.531 0.469 0.570 0.425 0.504 0.337 0.437 0.374 0.480

P-HIN 0.517Î 0.627Î 0.530Î 0.641 0.505Î 0.577Î 0.401Î 0.512Î 0.459Î 0.553Î

Improvement 10.8% 12.9% 9.5% 8.5% 12.7% 9.4% 13.0% 12.5% 15.4% 10.5%

on prompt learning, facilitating multi-modal learning and meanwhile helping P-HIN to fit in the
few-shot setting. It also narrows down the gap between the pre-training and downstream tasks. In
addition, previous methods are not specifically designed for heterogeneous networks, while P-HIN
comes with a graph encoder that can handle heterogeneous features.
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Table 4. Results on the 5-Shot Node Classification Task

OAG-P OAG-V YELP Reddit Amazon

Model ACC MAC-F1 ACC MAC-F1 ACC MAC-F1 ACC MAC-F1 ACC MAC-F1

TADW 0.541 0.638 0.562 0.660 0.521 0.576 0.459 0.523 0.472 0.542
CENE 0.554 0.644 0.574 0.667 0.534 0.584 0.468 0.539 0.479 0.546
CANE 0.565 0.653 0.580 0.676 0.547 0.601 0.475 0.554 0.482 0.558
WANE 0.584 0.686 0.602 0.694 0.563 0.626 0.481 0.567 0.488 0.572
NEIFA 0.604 0.706 0.619 0.719 0.574 0.658 0.489 0.579 0.494 0.584
DetGP 0.612 0.711 0.631 0.734 0.584 0.667 0.496 0.591 0.518 0.615
DRAGON 0.618 0.717 0.638 0.739 0.590 0.672 0.502 0.597 0.526 0.624
PATTON 0.621 0.721 0.640 0.744 0.595 0.676 0.506 0.603 0.538 0.639
HeCo 0.583 0.677 0.604 0.692 0.551 0.604 0.443 0.539 0.461 0.575
PT-HGNN 0.589 0.683 0.610 0.697 0.558 0.621 0.458 0.558 0.486 0.593
GraphPrompt 0.606 0.709 0.621 0.723 0.582 0.666 0.493 0.584 0.513 0.612
GPPT 0.603 0.707 0.619 0.721 0.579 0.663 0.487 0.575 0.517 0.612
AllinOne 0.609 0.711 0.625 0.727 0.589 0.668 0.496 0.589 0.520 0.617
HetGPT 0.615 0.713 0.623 0.725 0.591 0.672 0.501 0.593 0.523 0.621
EdgePrompt 0.612 0.710 0.618 0.716 0.586 0.665 0.499 0.595 0.519 0.618
IA-GPL 0.604 0.705 0.616 0.715 0.583 0.657 0.488 0.578 0.511 0.609

P-HIN 0.652Î 0.749Î 0.675Î 0.775Î 0.624Î 0.716Î 0.535Î 0.644Î 0.578Î 0.674Î

Improvement 4.8% 3.7% 5.5% 4.2% 4.6% 5.6% 5.4% 6.4% 6.9% 5.2%

6.2 Graph Classification
Next, we evaluate the performance of P-HIN and the baselines on the graph classification task.
Accuracy (ACC) and Macro-F1 score are adopted as evaluation metrics (averaged over five folds).
The experimental results for the graph classification task under 1-shot, 3-shot, and 5-shot settings
are displayed in Tables 5–7, respectively, with the highest scores emphasized in bold. “Improvement”
denotes P-HIN’s improvement compared with the best baseline PATTON. We performed a paired
two-tailed t-test to determine statistical significance, with a marked improvement of P-HIN over
the top-performing baseline PATTON (for p < 0.05) indicated by the symbolÎ .

Similar to the experimental results on the node classification task, P-HIN achieves the best
experimental results, and with fewer shots, P-HIN’s advantage increases. It shows P-HIN’s ability
to process few-shot classification problem. This can be attributed to the prompt technique we
use, which aligns textual information and graph information, while narrowing the gap between
pre-training and downstream tasks.

6.3 Link Prediction
Next, we adjust the fine-tuning stage to enable the model to realize the link prediction task.
Specifically, we transfer the link prediction task into a binary classification task, where the label
indicates if a node pair in a subgraph is connected or not. We adopt the AUC value and Macro-F1
value as evaluation metrics (five-fold average).

The experimental results for the link prediction task under 1-shot, 3-shot, and 5-shot settings are
displayed in Tables 8–10, respectively, with the highest scores emphasized in bold. “Improvement”
denotes P-HIN’s improvement compared with the best baseline PATTON. We performed a paired
two-tailed t-test to determine statistical significance, with a marked improvement of P-HIN over
the top-performing baseline PATTON (for p< 0.05) indicated by the symbolÎ .
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Table 5. Results on the 1-Shot Graph Classification Task

OAG YELP Reddit Amazon

Model ACC MAC-F1 ACC MAC-F1 ACC MAC-F1 ACC MAC-F1

TADW 0.398 0.472 0.357 0.413 0.265 0.402 0.278 0.423
CENE 0.416 0.477 0.396 0.421 0.291 0.411 0.304 0.435
CANE 0.429 0.502 0.409 0.472 0.297 0.418 0.309 0.443
WANE 0.437 0.507 0.411 0.487 0.302 0.421 0.315 0.454
NEIFA 0.445 0.511 0.421 0.479 0.298 0.419 0.321 0.460
DetGP 0.465 0.527 0.432 0.501 0.309 0.443 0.338 0.469
DRAGON 0.482 0.542 0.451 0.523 0.345 0.467 0.369 0.482
PATTON 0.485 0.548 0.456 0.529 0.352 0.474 0.377 0.489
HeCo 0.438 0.495 0.407 0.472 0.285 0.416 0.306 0.434
PT-HGNN 0.444 0.504 0.414 0.483 0.293 0.425 0.317 0.446
GraphPrompt 0.462 0.528 0.431 0.496 0.311 0.441 0.333 0.465
GPF 0.463 0.526 0.428 0.499 0.308 0.438 0.339 0.464
AllinOne 0.466 0.531 0.427 0.494 0.312 0.436 0.341 0.468
EdgePrompt 0.464 0.530 0.423 0.490 0.314 0.439 0.336 0.463
IA-GPL 0.460 0.522 0.421 0.488 0.305 0.428 0.330 0.463

P-HIN 0.558Î 0.631Î 0.524Î 0.599Î 0.398Î 0.541Î 0.425Î 0.540Î

Improvement 13.1% 13.2% 13.0% 11.7% 11.6% 12.4% 11.3% 9.4%

Table 6. Results on the 3-Shot Graph Classification Task

OAG YELP Reddit Amazon

Model ACC MAC-F1 ACC MAC-F1 ACC MAC-F1 ACC MAC-F1

TADW 0.612 0.709 0.598 0.684 0.496 0.611 0.547 0.634
CENE 0.621 0.723 0.603 0.691 0.502 0.612 0.556 0.645
CANE 0.633 0.712 0.604 0.694 0.504 0.614 0.561 0.649
WANE 0.635 0.732 0.612 0.703 0.502 0.621 0.567 0.653
NEIFA 0.639 0.738 0.615 0.701 0.505 0.626 0.571 0.658
DetGP 0.645 0.741 0.618 0.705 0.511 0.634 0.578 0.664
DRAGON 0.661 0.749 0.629 0.711 0.529 0.642 0.588 0.675
PATTON 0.665 0.753 0.632 0.715 0.532 0.647 0.594 0.681
HeCo 0.619 0.715 0.593 0.667 0.477 0.587 0.523 0.612
PT-HGNN 0.624 0.721 0.603 0.682 0.489 0.605 0.549 0.637
GraphPrompt 0.647 0.739 0.619 0.704 0.517 0.632 0.575 0.662
GPF 0.649 0.732 0.621 0.707 0.521 0.631 0.577 0.665
AllinOne 0.646 0.737 0.618 0.705 0.523 0.629 0.581 0.670
EdgePrompt 0.651 0.741 0.625 0.710 0.527 0.635 0.579 0.667
IA-GPL 0.644 0.729 0.612 0.699 0.511 0.625 0.572 0.660

P-HIN 0.717Î 0.811Î 0.698Î 0.779Î 0.611Î 0.709Î 0.646Î 0.733Î

Improvement 7.3% 7.2% 9.5% 8.2% 12.9% 8.7% 8.0% 7.2%

P-HIN outperforms all the baselines under all training shot settings, and with a smaller number
of training shots, P-HIN’s advantage increases, which further proves the proposed model’s ability
to handle the few-shot link prediction task. This can be attributed to two main reasons. One is that
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Table 7. Results on the 5-Shot Graph Classification Task

OAG YELP Reddit Amazon

Model ACC MAC-F1 ACC MAC-F1 ACC MAC-F1 ACC MAC-F1

TADW 0.734 0.801 0.701 0.752 0.638 0.701 0.661 0.724
CENE 0.738 0.804 0.706 0.756 0.641 0.705 0.665 0.728
CANE 0.742 0.805 0.703 0.757 0.639 0.703 0.671 0.732
WANE 0.749 0.807 0.710 0.761 0.643 0.707 0.674 0.738
NEIFA 0.756 0.811 0.717 0.767 0.649 0.713 0.680 0.743
DetGP 0.769 0.821 0.729 0.779 0.662 0.729 0.685 0.748
DRAGON 0.774 0.831 0.738 0.786 0.667 0.735 0.691 0.755
PATTON 0.778 0.836 0.744 0.791 0.674 0.741 0.696 0.761
HeCo 0.739 0.782 0.681 0.727 0.616 0.695 0.655 0.711
PT-HGNN 0.743 0.793 0.695 0.743 0.630 0.703 0.661 0.715
GraphPrompt 0.765 0.818 0.731 0.776 0.652 0.725 0.680 0.741
GPF 0.769 0.821 0.734 0.779 0.653 0.727 0.683 0.745
AllinOne 0.768 0.823 0.737 0.782 0.657 0.730 0.688 0.752
EdgePrompt 0.771 0.825 0.739 0.785 0.660 0.732 0.685 0.747
IA-GPL 0.765 0.816 0.726 0.775 0.647 0.720 0.677 0.740

P-HIN 0.818Î 0.878Î 0.789Î 0.819Î 0.709Î 0.779Î 0.741Î 0.804Î

Improvement 4.9% 4.8% 5.7% 3.4% 4.9% 4.9% 6.0% 5.3%

Table 8. Results on the 1-Shot Link Prediction Task

OAG YELP Reddit Amazon

Model AUC MAC-F1 AUC MAC-F1 AUC MAC-F1 AUC MAC-F1

TADW 0.298 0.256 0.301 0.253 0.201 0.109 0.251 0.167
CENE 0.302 0.265 0.307 0.268 0.210 0.121 0.257 0.173
CANE 0.313 0.272 0.312 0.275 0.217 0.131 0.263 0.178
WANE 0.319 0.281 0.326 0.282 0.226 0.140 0.267 0.184
NEIFA 0.326 0.287 0.336 0.287 0.231 0.147 0.270 0.190
DetGP 0.332 0.293 0.354 0.296 0.242 0.154 0.277 0.196
GRAGON 0.328 0.286 0.341 0.265 0.232 0.142 0.241 0.169
PATTON 0.332 0.294 0.356 0.287 0.248 0.159 0.258 0.186
HeCo 0.332 0.293 0.354 0.296 0.242 0.154 0.277 0.196
PT-HGNN 0.332 0.293 0.354 0.296 0.242 0.154 0.277 0.196
AllinOne 0.329 0.294 0.357 0.291 0.245 0.152 0.276 0.198

P-HIN 0.425Î 0.386Î 0.449Î 0.397Î 0.332Î 0.230Î 0.357Î 0.256Î

Improvement 17.2% 18.9% 20.2% 16.1% 18.7% 20.4% 19.9% 19.5%

we adopt the ER pre-training task which already explores the edge-level structure, boosting the
link prediction performance. The other is similar to what we illustrated in Section 6.1: the prompt
learning setting helps to effectively mine the text features, leading to a better performance on
downstream tasks.
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Table 9. Results on the 3-Shot Link Prediction Task

OAG YELP Reddit Amazon

Model AUC MAC-F1 AUC MAC-F1 AUC MAC-F1 AUC MAC-F1

TADW 0.532 0.491 0.601 0.477 0.583 0.476 0.589 0.486
CENE 0.583 0.495 0.610 0.482 0.594 0.485 0.593 0.494
CANE 0.586 0.504 0.617 0.487 0.603 0.494 0.598 0.497
WANE 0.591 0.513 0.623 0.494 0.612 0.501 0.608 0.500
NEIFA 0.595 0.517 0.630 0.502 0.618 0.503 0.611 0.505
DetGP 0.603 0.526 0.638 0.512 0.627 0.511 0.626 0.518
GRAGON 0.611 0.538 0.653 0.527 0.635 0.519 0.639 0.525
PATTON 0.617 0.542 0.659 0.531 0.638 0.524 0.645 0.529
HeCo 0.567 0.487 0.594 0.463 0.589 0.465 0.579 0.477
PT-HGNN 0.579 0.501 0.605 0.479 0.603 0.483 0.606 0.499
AllinOne 0.601 0.524 0.633 0.506 0.627 0.512 0.623 0.517

P-HIN 0.727Î 0.613Î 0.737Î 0.624Î 0.731Î 0.619Î 0.721Î 0.615Î

Improvement 15.1% 11.6% 10.6% 14.9% 12.7% 15.3% 10.5% 14.1%

Table 10. Results on the 5-Shot Link Prediction Task

OAG YELP Reddit Amazon

Model AUC MAC-F1 AUC MAC-F1 AUC MAC-F1 AUC MAC-F1

TADW 0.724 0.635 0.773 0.642 0.791 0.704 0.785 0.667
CENE 0.745 0.641 0.794 0.664 0.805 0.736 0.793 0.682
CANE 0.773 0.667 0.810 0.685 0.823 0.753 0.800 0.692
WANE 0.792 0.683 0.833 0.694 0.845 0.768 0.816 0.712
NEIFA 0.826 0.694 0.856 0.743 0.866 0.783 0.827 0.728
DetGP 0.843 0.732 0.877 0.788 0.871 0.793 0.836 0.736
GRAGON 0.852 0.745 0.884 0.795 0.876 0.802 0.845 0.747
PATTON 0.858 0.751 0.888 0.780 0.882 0.807 0.859 0.761
HeCo 0.803 0.685 0.823 0.729 0.806 0.749 0.789 0.678
PT-HGNN 0.812 0.704 0.849 0.751 0.829 0.766 0.807 0.701
AllinOne 0.847 0.738 0.874 0.784 0.873 0.792 0.840 0.741

P-HIN 0.897Î 0.792Î 0.912Î 0.823Î 0.901Î 0.837Î 0.887Î 0.801Î

Improvement 4.3% 5.2% 2.6% 5.2% 2.1% 3.6% 3.2% 5.0%

6.4 Keyword Generation
Here, we introduce a task that has not been considered in the graph evaluation domain, i.e., keyword
generation. P-HIN is able to generate keywords because of its autoregressive generation abilities
under the pre-training and prompt learning framework. In practice, we use the keywords of a paper
node in OAG as ground-truth labels. When fine-tuning, we have the text [CLS][MASK], with [CLS]
being the first word of the keywords and next work to be predicted in the [MASK] token. This
process will stop when [SEP] is returned. The traditional textual network embedding methods are
not able to generate keywords. So to enable a comparison, we use KeyBERT [13], which generates
keywords based on BERT-embeddings. It takes the description of each node as input. We adopt the
F1 measure on the top 1 and top 3 keyword predictions as our evaluation metric.
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Table 11. Results on the
Keyword Generation Task

OAG

Model F1@1 F1@3

KeyBERT 0.287 0.344

P-HIN 0.342Î 0.401Î

The bold denotes the highest score.

Table 11 presents the results for the keyword generation task. P-HIN outperforms KeyBERT as
P-HIN uses both textual information and subgraph information, while KeyBERT is only able to use
the textual information.

6.5 Ablation Study
To evaluate the effectiveness of each component or strategy the model uses, we perform an ablation
study. It is conducted on the 5-shot node classification, graph classification, and link prediction
tasks.

Recall that P-HIN adopts a pre-training and prompt tuning framework; below, we first evaluate
the effects of pre-training and prompt tuning, respectively. P-HIN\prompt directly uses the pre-
trained graph encoder to conduct the downstream tasks. P-HIN\pretrain directly uses the graph
encoder and text encoder without pre-training to conduct the downstream tasks.

To assess the individual contributions of the encoders, we introduce two ablated variants:
P-HIN\Graph, which relies solely on the text encoder for downstream tasks, and P-HIN\Text,
which uses only the graph encoder.

To evaluate the effectiveness of the text encoder SBERT, we introduce two other commonly used
text encoders, BERT and XLNet, denoted as P-HIN-BERT and P-HIN-XLNet.

For the text encoder, we adopt RWR as the heterogeneous subgraph sampling strategy. To
evaluate the chosen strategy, we introduce three variants which use random walks, Breadth-First
Search (BFS) and Depth-First Search (DFS) to sample the subgraphs, which are denoted as
P-HIN-RandomWalk, P-HIN-BFS, and P-HIN-DFS, respectively.

To evaluate the continuous vectors we adopt during prompt tuning, we introduce a variant
denoted as P-HIN-Manual that manually creates the prompts. The prompts are designed as “a
paper of [CLASS] domain” in OAG, “a restaurant of [CLASS] label” in YELP and “a post belongs to
[CLASS] community” in Reddit.

During text-subgraph matching pre-training, we limit the negative samples to be sampled from
the same label so that they will be harder to be distinguished. To evaluate this strategy, we introduce
a variant that randomly forms the negative samples, denoted as P-HIN-Random.

During pre-training the graph, we introduce two self-supervision tasks, i.e., MNM and ER. To
evaluate the effectiveness of these tasks, we introduce three variants denoted as P-HIN\MNM,
P-HIN\ER, and P-HIN\Self. P-HIN\MNM excludes the MNM task, P-HIN\ER excludes the ER task
and P-HIN\Self excludes both self-supervision tasks.

We also adopt the residual connection between the text encoder and graph encoder to assign
the given node’s context sense to the text feature. To evaluate this module, we introduce a variant
denoted as P-HIN\Residual that ignores the residual connection.

Tables 12–14 present the results of the ablation study. We make the following observations.
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Table 12. Results of Our Ablation Study on the Node Classification Task

OAG YELP Reddit Amazon

Model ACC MAC-F1 ACC MAC-F1 ACC MAC-F1 ACC MAC-F1

P-HIN\Prompt 0.578 0.618 0.553 0.604 0.435 0.547 0.478 0.577
P-HIN\Pretrain 0.553 0.602 0.528 0.586 0.421 0.526 0.457 0.549

P-HIN\Graph 0.364 0.498 0.331 0.477 0.295 0.315 0.321 0.403
P-HIN\Text 0.607 0.704 0.587 0.667 0.482 0.580 0.523 0.625

P-HIN-BERT 0.623 0.712 0.599 0.683 0.501 0.602 0.534 0.638
P-HIN-XLNet 0.628 0.719 0.605 0.693 0.505 0.611 0.540 0.642

P-HIN-RandomWalk 0.612 0.721 0.592 0.677 0.496 0.594 0.532 0.633
P-HIN-BFS 0.604 0.715 0.583 0.666 0.486 0.578 0.525 0.628
P-HIN-DFS 0.606 0.718 0.589 0.669 0.491 0.584 0.522 0.626

P-HIN-Manual 0.641 0.732 0.608 0.692 0.518 0.622 0.554 0.647

P-HIN-Random 0.637 0.735 0.617 0.701 0.521 0.628 0.559 0.652

P-HIN\MNM 0.626 0.712 0.606 0.689 0.506 0.610 0.542 0.641
P-HIN\ER 0.633 0.716 0.617 0.694 0.511 0.617 0.544 0.644
P-HIN\Self 0.610 0.703 0.594 0.673 0.498 0.597 0.536 0.637

P-HIN\Residual 0.636 0.733 0.611 0.695 0.517 0.619 0.548 0.649

P-HIN 0.652Î 0.749Î 0.624Î 0.716Î 0.535Î 0.644Î 0.578Î 0.674Î

The bold denotes the highest score.

The performance of P-HIN\Prompt and P-HIN\Pretrain drops significantly compared with the
proposed P-HIN, illustrating the effectiveness of the pre-training and prompt tuning framework as
a whole.

P-HIN\Graph and P-HIN\Text all have much worse performance than P-HIN, which proves the
effectiveness of the proposed model’s choice by integrating multi-modal information, i.e., textual
and graph information. P-HIN\Graph performs the worst, which demonstrates that graph encoder
contributes more on mining textual HIN by exploring heterogeneous and structural information.

P-HIN surpasses both P-HIN-BERT and P-HIN-XLNet, demonstrating that SBERT extracts more
comprehensive textual information than BERT and XLNet.

P-HIN outperforms P-HIN-RandomWalk, P-HIN-BFS, and P-HIN-DFS, which verifies that RWR
sampling strategy could better extract and maintain the features of the heterogeneous subgraphs.

P-HIN outperforms P-HIN-Manual, which uses manually crafted prompts. Learning continuous
prompts is more flexible and caters to the specific task, which helps to boost the model performance.

P-HIN also outperforms P-HIN-Random, which randomly chooses negative samples to be com-
pared. It can be verified that comparing high-quality negative samples could help to train the
contrastive learning framework, thus improving the final experimental results.

The self-supervision tasks do help to improve the model performance. When excluding either of
the tasks, the performance drops, with P-HIN\Self performing the worst. Notice that P-HIN\MNM
performs worse than P-HIN\ER. MNM explores node-level information and ER explores edge-level
information. The node classification task is more related to the MNM task.

P-HIN outperforms P-HIN\Residual, which confirms that considering the contextual information
from the graph to prompt the language model will help to improve the performance.
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Table 13. Results of Our Ablation Study on the Graph Classification Task

OAG YELP Reddit Amazon

Model ACC MAC-F1 ACC MAC-F1 ACC MAC-F1 ACC MAC-F1

P-HIN\Prompt 0.613 0.665 0.538 0.561 0.442 0.502 0.493 0.511
P-HIN\Pretrain 0.602 0.642 0.509 0.534 0.421 0.488 0.474 0.495

P-HIN\Graph 0.534 0.583 0.489 0.499 0.392 0.446 0.443 0.465
P-HIN\Text 0.689 0.723 0.662 0.684 0.583 0.645 0.632 0.672

P-HIN-BERT 0.784 0.847 0.742 0.792 0.654 0.744 0.708 0.766
P-HIN-XLNet 0.788 0.849 0.746 0.801 0.661 0.748 0.711 0.772

P-HIN-RandomWalk 0.762 0.831 0.721 0.782 0.632 0.723 0.685 0.744
P-HIN-BFS 0.764 0.835 0.724 0.785 0.638 0.729 0.687 0.750
P-HIN-DFS 0.765 0.832 0.725 0.783 0.635 0.727 0.688 0.747

P-HIN-Manual 0.793 0.862 0.771 0.801 0.688 0.760 0.728 0.789

P-HIN-Random 0.789 0.853 0.762 0.799 0.667 0.749 0.717 0.775

P-HIN\MNM 0.772 0.846 0.735 0.785 0.645 0.743 0.701 0.761
P-HIN\ER 0.776 0.850 0.741 0.787 0.649 0.751 0.704 0.772
P-HIN\Self 0.752 0.831 0.722 0.763 0.621 0.725 0.684 0.740

P-HIN\Residual 0.778 0.849 0.751 0.793 0.637 0.739 0.707 0.767

P-HIN 0.818Î 0.878Î 0.789Î 0.819Î 0.709Î 0.779Î 0.741Î 0.804Î

The bold denotes the highest score.

6.6 Parameter Analysis
Here, we conduct a parameter analysis of P-HIN. We choose four parameters to be analyzed, i.e., (i)
the number of the prompt tokens, (ii) the number of shots used for training, (iii) the percentage
of masked nodes during MNM pre-training task, and (iv) the value of lambda in the residual
connection. We conduct our parameter analysis on the node classification, graph classification,
and link prediction tasks. And we adopt ACC for node and graph classification and AUC for link
prediction as the evaluation metrics. Figures 3–5 present the experimental results of the parameter
analyses.

Figure 3 shows the effect of the number of prompt tokens under 5-shot training setting. As that
number increases, the performance improves correspondingly. We set the number to 8 in practice
to balance effectiveness and efficiency. One can choose a higher number of text tokens for a better
model performance.

Figure 4 shows the influence of the training shots. It demonstrates that P-HIN obtains a better
performance when the number of shots increases as more shots will bring valuable information for
training better model.

Figure 5 shows the effect of the percentage of masked nodes during MNM pre-training task
under the 5-shot training setting. It illustrates that setting the masked percentage to 15% will obtain
the best performance, which verifies our parameter choice.

Figure 6 shows the effect of the value of lambda in residual connection. It illustrates that when
setting the value larger, that is, 10−2 and 10−3, the results drops significantly. As lambda de-
creases, the results become more stable, with the best experimental result achieved when lambda is
set to 10−4.
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Table 14. Results of Our Ablation Study on the Link Prediction Task

OAG YELP Reddit Amazon

Model AUC MAC-F1 AUC MAC-F1 AUC MAC-F1 AUC MAC-F1

P-HIN\Prompt 0.653 0.538 0.662 0.548 0.671 0.569 0.624 0.561
P-HIN\Pretrain 0.638 0.513 0.639 0.521 0.634 0.547 0.602 0.516

P-HIN\Graph 0.585 0.479 0.594 0.493 0.589 0.502 0.575 0.487
P-HIN\Text 0.691 0.585 0.702 0.597 0.695 0.611 0.673 0.592

P-HIN-BERT 0.868 0.770 0.872 0.795 0.870 0.801 0.852 0.765
P-HIN-XLNet 0.872 0.774 0.875 0.801 0.873 0.806 0.857 0.778

P-HIN-RandomWalk 0.842 0.749 0.848 0.774 0.852 0.779 0.832 0.748
P-HIN-BFS 0.848 0.754 0.856 0.781 0.862 0.785 0.839 0.759
P-HIN-DFS 0.844 0.756 0.849 0.782 0.858 0.782 0.834 0.752

P-HIN-Manual 0.874 0.772 0.889 0.803 0.783 0.812 0.874 0.787

P-HIN-Random 0.864 0.765 0.872 0.789 0.769 0.793 0.862 0.771

P-HIN\MNM 0.856 0.753 0.862 0.776 0.759 0.782 0.851 0.762
P-HIN\ER 0.842 0.741 0.853 0.769 0.751 0.773 0.838 0.749
P-HIN\Self 0.824 0.716 0.832 0.744 0.732 0.751 0.819 0.731

P-HIN\Residual 0.858 0.767 0.878 0.795 0.772 0.805 0.867 0.779

P-HIN 0.897Î 0.792Î 0.912Î 0.823Î 0.901Î 0.837Î 0.887Î 0.801Î

The bold denotes the highest score.

Fig. 3. Sensitivity with regard to number of prompt tokens.

6.7 Efficiency Evaluation
Here, we evaluate the model efficiency by comparing P-HIN’s training time and inference time
with other baselines on the node classification task. Table 15 presents the efficiency results.

GPPT, GraphPrompt, AllinOne, and P-HIN have comparable training and inference time, and they
are more efficient than traditional textual network embedding methods with the help of pre-training
and prompt framework. P-HIN has a longer running time than GraphPrompt as we need to sample
heterogeneous subgraphs while GraphPrompt randomly samples subgraphs. Nevertheless, P-HIN
outperforms GraphPrompt and is able to facilitate more downstream tasks. We believe that this
efficiency sacrifice is acceptable.
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Fig. 4. Sensitivity with regard to number of shots for training.

Fig. 5. Sensitivity with regard to percentage of masked node for training.

Fig. 6. Sensitivity with regard to the value of lambda.

7 Conclusion and Limitations
Textual HINs play a crucial role in a wide range of real-world applications. This article presents a
novel prompt learning framework P-HIN, which fuses textual information and graph information
and handles the few-shot problems simultaneously. It is composed of a text encoder and a graph
encoder. The generated textual embeddings and node embeddings are fused by a contrastive
learning mechanism. We introduce MNM and ER tasks to make use of node-level and edge-level
self-supervised information. We choose learnable continuous texts instead of manually designed
prompts to facilitate the transfer of the pre-trained model. A residual connection is introduced to
use the contextual information in graph to prompt the text model.

In our experiments, P-HIN consistently and significantly outperforms state-of-the-art methods
on all datasets and on all downstream tasks, which demonstrates the advantages of P-HIN. More
broadly, with P-HIN we now have a powerful few-shot learner for textual HINs.

In future work, we intend to investigate temporal evolution in HINs by incorporating time-aware
mechanisms (e.g., temporal attention, sequence models) to capture the dynamics of node/edge
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Table 15. Results of the Efficiency Evaluation (s/Epoch)

OAG YELP Reddit Amazon

Model Train Inference Train Inference Train Inference Train Inference

TADW 421.4 15.8 398.2 14.5 378.8 14.2 386.2 15.1
CENE 403.2 15.3 371.3 13.8 355.2 13.6 360.4 13.9
CANE 413.3 16.1 389.4 14.7 366.4 13.9 382.4 14.6
WANE 389.6 12.7 367.1 12.3 326.9 11.9 343.8 12.6
NEIFA 383.2 11.4 378.6 11.6 352.4 11.5 370.3 11.8
DetGP 396.6 11.9 385.2 11.8 361.2 11.1 378.7 11.7
GPPT 150.3 3.5 141.2 3.1 133.8 2.7 138.5 2.9
GraphPrompt 138.4 3.2 120.5 2.4 110.4 2.1 113.6 2.2
AllinOne 152.4 3.8 139.5 3.4 121.5 2.9 128.8 3.6

P-HIN 148.5 3.3 137.3 2.7 124.6 2.5 132.9 2.7

changes, enable incremental learning for real-time updates. We also aim to integrate image and
other modalities into a unified framework, and treating visual elements (objects, scenes) as distinct
node types to enable fine-grained multimodal reasoning. The enhanced dynamic and multimodal
framework can be further applied to high-impact domains such as multi-platform misinformation
tracking, e-commerce recommendation with visual and behavioral cues, and scientific literature
mining that combines text, figures, and datasets.
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