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ABSTRACT

In recent years, Graph Neural Networks (GNNs) and Large Lan-

guage Models (LLMs) have exhibited remarkable capability in ad-

dressing different graph learning and natural language tasks, re-

spectively. Motivated by this, integrating LLMs with GNNs has

been increasingly studied to acquire transferable knowledge across

modalities, which leads to improved empirical performance in lan-

guage and graph domains. However, existing studiesmainly focused

on a single-domain scenario by designing complicated integration

techniques to manage multimodal data effectively. Therefore, a con-

cise and generic learning framework for multi-domain tasks, i.e.,

graph and language domains, is highly desired yet remains under-

exploited due to two major challenges. First, the language corpus of

downstream tasks differs significantly from graph data, making it

hard to bridge the knowledge gap between modalities. Second, not

all knowledge demonstrates immediate benefits for downstream

tasks, potentially introducing disruptive noise to context-sensitive

models like LLMs. To tackle these challenges, we propose a novel

plug-and-play framework for incorporating a lightweight cross-

domain prompting method into both language and graph learning

tasks. Specifically, we first convert the textual input into a domain-

scalable prompt, which not only preserves the semantic and logical

contents of the textual input, but also highlights related graph
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information as external knowledge for different domains. Then,

we develop a reinforcement learning-based method to learn the

optimal edge selection strategy for useful knowledge extraction,

which profoundly sharpens the multi-domain model capabilities.

In addition, we introduce a joint multi-view optimization module

to regularize agent-level collaborative learning across two domains.

Finally, extensive empirical justifications over 23 public and syn-

thetic datasets demonstrate that our approach can be applied to

diverse multi-domain tasks more accurately, robustly, and reason-

ably, and improve the performances of the state-of-the-art graph

and language models in different learning paradigms.
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1 INTRODUCTION

Graph Neural Networks (GNNs) are capable of capturing topolog-

ical information through message propagation and aggregation

mechanisms, making them robust and effective at graph learning

tasks [62, 63, 76]. Large Language Models (LLMs), on the other

hand, have shown remarkable effectiveness across a broad range of
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Figure 1: Challenges of creating a cross-modal prompt for

language tasks.

Natural Language Processing (NLP) applications [3, 5, 32], primar-

ily due to their versatility in handling diverse tasks through zero or

few-shot learning approaches. Therefore, the AI communities have

witnessed growing attention to integrating versatile LLMs with

GNNs through multi-modal capabilities [18, 38, 53, 60, 65]. Such

integration is naturally motivated by a dual advantage. First, LLMs

alleviate GNNs’ reliance on the expensive annotation of nodes or

graphs for effective model training [53, 65]. Second, GNNs provide

LLMs with informative structural and textual-attributed patterns

to elevate their performance in unseen scenarios [38, 60].

Along this line, several integration approaches have been pro-

posed to conduct knowledge fusion engineering [8, 34, 40, 42, 44,

52, 54, 57]: developing either advanced neural units (e.g., adapter

module [8, 57], attention blocks [44, 54]) or hand-crafted search al-

gorithms [40, 42] to exploit modal counterpart for rich feature-level

or task-level knowledge. Despite their efficacy in various tasks,

these approaches usually require massive labeled training data,

which is arduously expensive and sometimes inaccessible in practi-

cal settings [45]. To address these issues, recent studies resort to

the “pre-train, fine-tune” [43, 45] that leverages substantial corpus

of unlabeled structure as pretext tasks (e.g., edge prediction for

GNNs, masked language modeling for LLMs) to pre-train models

and fine-tune them to perform downstream tasks. However, this

paradigm is largely limited by an ideal assumption that there ex-

ists a small training objective gap between the constructed pretext

and dedicated downstream tasks. Fortunately, the emergence of

the prompt-based learning [53, 69] provides an effective alignment

between the pretext tasks and downstream tasks by using a prompt

to modify the input graph or textual data. For example, consider

the sentiment analysis task represented by the statement “Marie

Curie was a great scientist," depicted in Figure 1. By employing

a semantic textual prompt template, e.g., “I felt so [MASK]," the

original task is transformed into word prediction, which is achieved

by rephrasing the input to “Marie Curie was a great scientist. I felt

so [MASK]”. In this way, LLMs can naturally predict ‘[MASK]’ as

‘admired’ rather than ‘hated’ without additional parameter opti-

mization, as the model can elicit relevant knowledge from similar

pre-training tasks via prompts to smoothly answer this query.

Based on the merits of language or graph prompts being ap-

plied in a single domain, in this paper, we extend the prompt-based

learning to multi-domain scenarios, where multimodal data are

potentially beneficial to different domains [27, 66]. However, de-

veloping a suitable and efficient prompting strategy to transfer

multimodal knowledge across domains is a non-trivial undertak-

ing due to the following challenges. (1) Bridging knowledge gap

(a) Graph prompt. (b) Language prompt.

Figure 2: Node classification accuracies on Cora and PubMed

datasets of using (a) graph prompt [45] or (b) language

prompt [69]. In case (a), we consider varying numbers of

prompt tokens allocated to each class on both datasets. A

fluctuation in accuracy can be observed with the change in

the number of tokens, indicating that model performance

is sensitive to the prompt structure. In case (b), we evaluate

the model performance across 10 different prompt templates

represented by unique four-digit codes. Similar fluctuation

in accuracy suggests the changes in prompt templates greatly

impact the classification results.

between modalities. The language corpus of downstream tasks

is often relevant to graph data, but they are stored in two distinct

knowledge representations [34]. While some efforts have been

made to unify the multimodal knowledge into a single modality

through prompts [9, 30, 71], it remains unclear how to build robust

semantic alignment between differentmodalities, which is critical to

effectively addressing complicated tasks. For instance, as shown in

Figure 1, textual questions like “Please briefly introduce the biogra-

phy of Marie Curie” usually ask for a high-level summary for which

we need to find answers from low-level knowledge edges in a graph.

A promising solution is to establish an information venue that en-

sures a compatible message-sharing mechanism between graph

and text, such as OntoPrompt [68] that adopts knowledge graph

ontology to convert low-level structured knowledge to high-level

textual prompts. However, such design highly requires both expert

knowledge and tedious manual trials to make prompt templates ap-

plicable to every new downstream application. (2) Incorporating

noisy knowledge into context-sensitive models. It has been

established that not all knowledge is beneficial for downstream

tasks [68]. As depicted in the third example of Figure 1, an indis-

criminate knowledge fusion as a prompt may generate harmful

contexts or fabricated facts (e.g., regard Marie Curie as a physicist),

which deteriorate the knowledge transfer from pre-training tasks

to downstream tasks (a.k.a., the issue of “negative transfer” [43]).

Additionally, unlike human beings, LLMs and GNNs are both vul-

nerable to noises and perturbations on the contextual prompts,

which do not change the meaning of original tasks. For example,

Figure 2 shows that even with minor changes in a graph or textual

prompt, the state-of-the-art methods reveal dramatic performance

variations for dedicated tasks within a single domain. Such vulnera-

bility would be exacerbated in cross-domain tasks since the prompt

is more prone to carry misinterpreted negative knowledge from

various modalities.
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To overcome the aforementioned challenges, we propose a novel

cross-domain prompting framework for both language and graph

tasks. The key insight of this framework involves jointly training

two reinforced agents to select a subset of graph edges as exter-

nal knowledge for improving the multi-domain model capabili-

ties. Our framework can be easily implemented in two popular

learning modes, i.e., “supervised learning” [23], and “pre-train and

fine-tune” [32]. Specifically, we first introduce a highly scalable

prompt to enrich and share knowledge between textual and graph

data. Following the idea of thought prompting (e.g., CoT [61]), we

decompose the textual input into multi-step reasoning questions,

which are semantically and logically mapped to relevant graph

nodes. By linking relevant nodes together as edges, we create a

graph-like prompt coupled with associated questions to transfer

knowledge between modalities. Then, we propose a reinforcement

learning-based method to learn the optimal edge selection strategy

for multi-domain knowledge extraction. In particular, we model

the edge selection problem as a combinatorial optimization prob-

lem and propose a joint learning framework to optimize the edge

selection strategy that maximizes the inner rewards of two policy-

based agents: the L-agent dedicated to the language tasks, and the

G-agent targeted at the graph tasks. During model training, we

develop a joint multi-view optimization module to mitigate the

issue of negative transfer through agent-level collaboration, where

we create a hybrid reward function to provide a credible and diverse

evaluation of selected edges.

Our main contributions are summarized as follows: (i) To the

best of our knowledge, we are among the first to propose a cross-

domain prompting approach that mutually aids diverse tasks of

language and graph domains; (ii) We propose a domain-scalable

prompt to capture the semantic and logical consistency from multi-

modal data; (iii)We propose a lightweight plug-and-play framework

that assigns two reinforced agents to select optimal edges for task-

useful knowledge to enhance the model learning; (iv) Extensive

experiments conducted on real-world language and graph datasets

demonstrate the effectiveness, robustness, and interpretability of

our framework in promoting state-of-the-art graph and language

models under different learning modes.

2 PRELIMINARIES

In this section, we briefly introduce three essential concepts related

to our work, namely language models, graph models, and prompt

learning respectively.

Language Models. Language models have brought unprecedented

performance in various Natural Language Processing (NLP) appli-

cations, including sentiment analysis [58], question answering [5],

and text summarization [28]. One key contributor is the introduc-

tion of the “pre-train and fine-tunes” paradigm that first pre-trains

the models on diverse, large-scale corpora for prior knowledge and

subsequently fine-tunes them for downstream tasks [75]. In general,

the fine-tuning objective of a NLP task can be formulated as:

min

𝜙𝑙

L𝑙 [F𝜙𝑙
(𝑋𝑙 ), 𝑌𝑙 ], (1)

where F𝜙𝑙
(·) is a pre-trained language model parameterized by 𝜙𝑙 .

𝑋𝑙 and 𝑌𝑙 denote the input features and ground-truth labels of a

language task, respectively.

Graph Models. For graph-based applications (e.g., link predic-

tion [55]), graph models have risen as a powerful tool that of-

fers the impressive ability to decode and interpret complex graph

data [6, 17, 39]. The core of graph models lies in their ability to

employ either embedding-based methods (e.g., TransE [2], ANAL-

OGY [26]) or message-passing mechanisms (e.g., GAT [51], Graph-

SAGE [13]) as a pivotal component for learning the effective repre-

sentations of graph structural information. Besides conventional

supervised learning, the prevalence of “pre-train and fine-tune”

paradigm has sparked research in developing various graph pre-

training strategies to learn transferable knowledge for downstream

tasks [31, 74]. Typically, these methods pre-train a graph model

with easily accessible data, and then transfer the graph knowledge

to a new domain or task by tuning the last layer of the pre-trained

model. Here, the general objective of a graph learning task can be

formulated as follows:

min

𝜙𝑔
L𝑔 [F𝜙𝑔 (X𝑔,A), 𝑌𝑔], (2)

in which F𝜙𝑔 (·) represents a randomly-initiated or pre-trained

graph model parameterized by 𝜙𝑔 . G, 𝑋𝑔 , 𝑌𝑔 ,A represent the input

graph, node features, ground-truth labels, and adjacency matrix of

a graph task, respectively.

Prompt Learning. Prompt learning has been widely used in lan-

guage and graph domains to improve performance [31, 33, 45, 74].

For instance, in the language domain, the research by OpenAI [33]

enhanced Large Language Models (LLMs) with readable instruc-

tions by adding a textual prompt to a certain position of the input

text. In the graph domain, Sun et al. [45] modified the original

graph with an inserted graph prompt to improve the downstream

performance of a pre-trained Graph Neural Network (GNN). More

recently, the concept of prompt learning has been successfully in-

troduced to exploit multimodal knowledge for dedicated tasks. For

instance, various textual instructions were designed to study the

correlation between topological knowledge and textual semantics

for graph learning [69]. Indeed, these prompt designs liberate con-

ventional knowledge fusion methods from relying on dense neural

modules to explore rich multimodal information [12, 66], and act as

potential tools to bridge the gap across different modalities. How-

ever, they are still in the early stages and lack a detailed examination

of the complexity and interpretability involved in cross-modal in-

teractions. Moreover, their explorations have been limited to the

“pre-train and fine-tune” setting and overlook the realm of “training

from scratch”, which is a proven effective training technique in

diverse applications, including text summarization [24, 29], link

prediction [68], and object recognition [77].

Problem Definition: The objective of this research is to develop

a lightweight and effective cross-domain prompting function, de-

noted as 𝐹𝜙𝑝
(·), that is capable of relieving the difficulties of trans-

ferring prior knowledge to different domains, and facilitating the

mutual learning of language model F𝜙𝑙
(·) and graph model F𝜙𝑔 (·)

across their corresponding tasks.

3 METHODOLOGY

In this section, we present an in-depth analysis of our cross-domain

prompting framework for graph and language tasks. Section 3.2

delves into the cross-domain prompting problem, which centers
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(a) Domain-scalable Prompt Generation (b) Reinforced Optimal Edge Subset Selection

CoT

Figure 3: The overview of Cross-Modal Reinforced Prompting (CMRP) Framework.

on the dynamic selection of a subset of edges to enhance tasks in

different modalities. Section 3.3 introduces our domain-scalable

prompt that can be easily tailored to different modalities. In Section

3.4, we mathematically model the selection of the optimal subset

of knowledge edges as a combinatorial optimization problem and

develop a collaborative policy learning scheme, which mutually

optimizes dual-domain agents for multiple dedicated tasks.

3.1 Framework Overview

Figure 3 illustrates the framework of Cross-Modal Reinforced

Prompting (CMRP), which targets at jointly enhancing the per-

formance of graph models (e.g., GNNs) and language models (e.g.,

LLMs) in their domain-specific tasks. Our method proposes a new

prompting mechanism, namely dynamic edge selection, to aug-

ment models with useful knowledge tailored to their specific tasks.

Specifically, given a pair of text-graph inputs, we first convert the

textual input into a domain-scalable prompt, which not only retains

the semantic and logical contents of the original input but also

highlights related graph information as external knowledge for

different domains. Then, we propose a collaborative policy learning

scheme to optimize the edge selection strategy that maximizes the

mutual rewards. In particular, we design two agents, L-agent and

G-agent, to perform tasks in different domains and search for the

optimal subset. L-agent enhances the task performance of LLMs

with subgraph-based textual prompts, and G-agent enriches graph

tasks with new edges for GNNs. Later, a joint multi-view optimiza-

tion module is developed to encourage two agents to share training

experiences and identify the negative knowledge transfer through

collaborative and contrastive rewards.

3.2 Cross-modal Prompting Formulation

Beyond building various exquisite deep networks for knowledge

fusion, our key insight is to actively distill useful knowledge from

multimodal data and seamlessly integrate it for dedicated tasks.

However, the definition of knowledge usefulness is ambiguous and

varies from domain to domain. For example, in the graph domain,

useful textual knowledge may complement missing yet critical

edges inside the graph, helping graph models exploit hidden topo-

logical information to perform better at all node-level, edge-level,

and graph-level tasks. In the language domain, the useful graph

knowledge may correspond to the task-relevant edges, which can

be reconfigured into textual prompts to augment original textual

input. Notably, graphs are the main modality of data we receive

from nature [50], and most of the patterns we see are elegantly

representable using the graph structures. Therefore, without loss

of generalization, we use graph structure as an effective channel to

transfer knowledge across different modalities.

Specifically, we first collect knowledge relevant to the down-

stream tasks in different modalities and then convert them into a

graph format. Subsequently, we develop a dynamic edge selection

approach to selectively extract a subset of edges from the graph.

These edges are utilized as graph prompts, tailored to boost the

performance of the specific task. Formally, based on the Eq. (1) - (2),

given a pair of graph and text inputs, the cross-modal prompting

problem can be formulated as:

min

𝜙𝑙 ,𝜙𝑔
L
[
F𝜙𝑙

(
F𝑝 (X𝑙 , 𝑃𝑙 )

)
, 𝑌𝑙

]
+ L

[
F𝜙𝑔

(
X𝑔, F𝑝 (A, 𝑃𝑔)

)
, 𝑌𝑔

]
, (3)

in which our prompting function F𝑝 (·, 𝑃) = 𝜋★(𝑆★(·, 𝑃★))1 aims

to inject the domain-scalable prompt 𝑃★ into the original inputs

based on the inserting function 𝑆★ (Section 3.3), and then utilize

the reinforced agent with policy 𝜋★ to extract edges with optimal

cross-domain knowledge (Section 3.4).

3.3 Domain-scalable Prompt Design

Unifying Prompt for Multimodal Data. Developing a unified

prompting mechanism is crucial for interacting with multimodal

data; otherwise, it leads to increased algorithm complexity for cross-

modal knowledge transfer [43]. To achieve this, one challenging

aspect is to bridge the knowledge gap between language and graph

data effectively. Following [45], we first analyze the knowledge

characteristics of language and graph domain and discover that

a fair domain-scalable prompt should contain at least two com-

ponents: (1) prompt structure, which indicates the connection of

different tokens from logical and semantic aspects. Generally, the

language prompt tokens (e.g., words [27]) are preset as a linear rela-

tion like a sub-sentence or a phrase, while the graph prompt tokens

(e.g., dummy tokens [45]) are non-linearly connected, thus making

the logic of graph prompt far more complicated to comprehend

than language prompt; (2) injection mechanism, which denotes how

to inject the prompt into the input data. The language prompt can

be directly added to the default positions like the rear of the input

1
The subscript★ stands for a particular domain, either g (i.e., graph domain) or l (i.e.,

language domain).
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texts, whereas the graph prompt is more difficult to inject, as it has

no explicit positions like a sentence to pair with the input graph.

3.3.1 Prompt Structure. Unlike the continuous word representa-

tions of textual knowledge, graph nodes are discretely connected

and convey more abstract knowledge. To narrow their knowledge

gap, as shown on the left side of Figure 3, we first introduce the

thought prompting method (e.g., Chain-of-Thought (CoT) [61])

for hierarchical logical reasoning, which guides LLM to decom-

pose the original input text (e.g., “Please briefly introduce the bi-

ography of Marie Curie”) into intermediate reasoning question

set Q = {𝑄1, 𝑄2, . . . }. We notice that each question focuses on

a distinct topic, e.g., “Birth”, “Research”, or “Family”, and usually

requires one-word answers, which allow us to map these questions

(e.g., 𝑄1) to relevant graph nodes (e.g., 4○) via the vector-based

search [10, 11, 14]. Motivated by this, we transform the textual input

into a new prompt structure P = (Ω, 𝑃), where Ω = {𝜔1, . . . , 𝜔 |Ω | }
denotes the set of prompt tokens and |Ω | is the number of prompt

tokens. In practice, we usually have |Ω | ≪ |𝑉 |, in which |𝑉 | denotes
the number of input graph nodes. Also, the node-wise correlations

between and within questions are equally important to investigate.

For example, from the research aspect, the discovery of radium

(e.g., 1○) made Marie Curie win the Nobel Price ( 2○), which was

also co-won by her husband Pierre Curie ( 7○). Thus, we connect all

these tokens as an edge set 𝑃 = {𝑝1, . . . , 𝑝𝑇 }, where 𝑇 is the num-

ber of total edges. Based on the above discussions, such prompt

structure reveals two major benefits: (1) For the graph task, we

can exploit the node-wise relations from a textual perspective and

supplement the missing yet important graph links (e.g., 2○ − 7○)

to enhance the training of graph models. (2) In terms of the lan-

guage task, we can regard these questions and prompt tokens as a

sequence of thoughts and answers, which can provide user-friendly

explanations for downstream tasks.

3.3.2 Injection Mechanism. To better illustrate, we use 𝑃𝑔 ⊆ 𝑃 ,

𝑃𝑙 ⊆ 𝑃 to represent the prompt edges injected in the graph and

language domains, respectively. For the graph task, the injection

strategy 𝑆𝑔 involves a direct aggregation of the prompt and graph

edges 𝑃𝑔 , E because of their identical modality. The merged edges

are subsequently used to train graph models for all graph-level

tasks without any modifications to graph models. For the language

task, the injection strategy 𝑆𝑙 is to first extract the𝑀-hop subgraphs

of prompt tokens of 𝑃𝑙 , which are then converted into the textual

input associated with its corresponding questions. Finally, these

prompts are used to instruction-tune language models for various

downstream tasks in a few-shot or zero-shot manner. A practical

illustration of this process can be found in the lower middle of Fig-

ure 3 (b). However, an indiscriminate knowledge fusion may result

in deteriorated model performance [18]. This is due to that not all

knowledge is useful for downstream applications [34], and consid-

ering all edges for multi-domain tasks would incur considerable

computational overhead.

3.4 Reinforced Optimal Edge Subset Learning

In this section, we formulate the problem of selecting the optimal

subset of prompt edges as a combinatorial optimization problem.

Given a specific task 𝜇★, the objective is to learn a stochastic policy

𝜋𝜃★ (𝑃𝑡★ | 𝜇★) using the chain rule to factorize the probability of

selecting a subset 𝑃𝑡★ of edges from 𝑃★. The policy network uses

this information to determine the optimal subset of nodes to select

to explore the most useful task-related knowledge at each training

iteration 𝑡 as follows:

𝜋𝜃★ (𝑃
𝑡
★ | 𝜇★) =

𝑇∏
𝑡=1

𝜋𝜃★ (𝑝
𝑡
★ |𝜇★, 𝑝1:𝑡−1★ ) . (4)

3.4.1 Policy Network Design. As shown in Figure 3 (b), to perform

the tasks in graph and language modalities, we design two policy-

based agents, namely G-agent and L-agent, to make optimal edge

selection respectively. In particular, G-agent and L-agent adopt two

separate yet identical policy networks 𝜋𝜃𝑔 and 𝜋𝜃𝑙 , which take the

edge features as input and construct the edge pool 𝑃𝑡★ in an auto-

regressive manner for downstream tasks. According to Eq. (4), each

agent selects one edge at a time and uses the previous selections

to decide the next edge until every edge is enumerated. Note that

a given prompt edge 𝑝𝑡 ∈ 𝑃 usually consists of the head entity

and tail entity. To alleviate the computational burden, we skip the

process of searching for their potential relation from graph and

construct a relation-free prompt edge as 𝑝𝑡 = {𝑒ℎ𝑒𝑎𝑑𝑡 , 𝑒𝑡𝑎𝑖𝑙𝑡 }.
Here, we use the corresponding model (e.g., GNN) to encode 𝑝𝑡

into three 𝑑𝑖 -dimensional embedding vectors and linearly project

these concatenated vectors from R2𝑑𝑖 to R𝑑𝑖 .
Inspired by [73], we further use these embeddings to represent

RL actions and states of two agents. The actions of both G-agent and

L-agent correspond to their individual selection or deselection of

current prompt edge 𝑝𝑡 . Meanwhile, for 𝜋𝜃𝑔 and 𝜋𝜃𝑙 , we incorporate

two separate LSTMs [16] to encode their selection history ℎ𝑡★ ⊆
{𝑝1★, . . . , 𝑝𝑡★} according to the recurrent dynamics,

h1𝑔 = LSTM𝑔 (0, p1), h1𝑙 = LSTM𝑙 (0, p1), (5)

h𝑡𝑔 = LSTM𝑔 (W𝑔h𝑡−1𝑔 , p𝑡𝑔), 𝑡 > 1, (6)

h𝑡
𝑙
= LSTM𝑙 (W𝑙h

𝑡−1
𝑙

, p𝑡
𝑙
), 𝑡 > 1, (7)

where W𝑔,W𝑙 ∈ R2𝑑𝑖×2𝑑ℎ are the tunable weight matrices.

To predict the next action of G-agent and L-agent, we further uti-

lize a two-layer feedforward network to process the concatenation

of their last LSTM states and current RL state embeddings,

𝜋𝜃𝑔 (𝑎
𝑡
𝑔 |𝑃𝑡𝑔) = 𝜎 (W2

𝑔 ReLU(W1

𝑔 [p𝑡𝑔 ; h𝑡𝑔])), (8)

𝜋𝜃𝑙 (𝑎
𝑡
𝑙
|𝑃𝑡
𝑙
) = 𝜎 (W2

𝑙
ReLU(W1

𝑙
[p𝑡

𝑙
; h𝑡

𝑙
])), (9)

where W1

𝑔,W2

𝑔,W1

𝑙
,W2

𝑙
∈ R4𝑑ℎ×4𝑑ℎ are the matrices of learnable

weights, and 𝜎 denotes the softmax operator. 𝑎𝑡𝑔, 𝑎
𝑡
𝑙
represent the

binary decisions made by G-agent and L-agent, which determine

the selection of the current edges 𝑝𝑡𝑔 , 𝑝
𝑡
𝑙
.

3.4.2 Joint Multi-view Optimization. If the default rewards for G-
agent and L-agent only consider how well their corresponding

graph and language models perform in domain-specific tasks, the

dual agents would encounter two serious problems that hinder

their knowledge transfer abilities. First, as the graph contains more

abstract information than texts, we need to carefully examine the

knowledge consistency when fusing and applying them to domain-

specific tasks. Second, G-agent and L-agent do not share any cross-

domain task experience to improve their performances. To alleviate
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the issue, we provide hybrid reward signals to evaluate the ef-

fectiveness of an agent’s edge selection from both individual and

contrastive perspectives:

(i) Task Rewards. Given a task 𝜇★, we design three different re-

wards, i.e., Performance Reward (PR), Reasoning Reward (RR), and
Semantic Reward (SR). In particular, the PR is first proposed to mea-

sure the effectiveness of a model based on its performance score★(·)
on the test set:

R𝑃𝑅★ = score★(𝜇★) . (10)

Then, we utilize the RR to encourage an agent to respect the coher-

ence of intermediate reasoning questions, where we compute the

proportion of unique questions that are covered by selected edges:

R𝑅𝑅★ (𝑡) = E𝑄𝑖 ∈Q

[∑︁
𝑝𝑡★∈𝑃𝑡

★

𝜔
𝑗
★∈𝑝𝑡★

1[∃ψ(𝜔 𝑗
★) = 𝑄𝑖 ]

]
, (11)

where ψ(·) is a mapping function that links each prompt token

with its corresponding question. After that, the SR is developed

to help the agents maintain a high degree of semantic similarity

between selected edges and the original prompt edges:

R𝑆𝑅★ (𝑡) = E𝑝𝑡★∈𝑃𝑡
★

[∑
𝑝∈𝑃 Φ(p, p𝑡★)

𝑇

]
, (12)

in which Φ(x, y) = x⊤y
| |x | |2 | |y | |2 is calculated as the cosine similarity

between two embeddings.

(ii) Contrastive Rewards. In order to prevent negative transfer

between modalities [70, 78], we further construct a Contrastive Re-
ward (CR), where we assign larger rewards to the positively-related

input pairs I+ to speed up model convergence, and lower rewards

to the negatively-related ones I− to reduce noisy knowledge:

R𝐶𝑅★ = − E
𝑗∈I−
R 𝑗
★ + E

𝑖∈I+
R𝑖★, (19)

in which R★ = R𝑃𝑅★ +
∑𝑇
𝑡=1

(
𝜎R𝑅𝑅★ (𝑡) + 𝛽R𝑆𝑅★ (𝑡)

) )
, where 𝜎 , 𝛽 are

hyperparameters that control the importance of individual rewards.

Model Training. The detailed training procedure of CMRP is

described in Algorithm 1. Line 3 generates the domain-scalable

prompt P. During edge subset construction, we use lines 4-8 to

iteratively calculate the conditional probability of each edge to be

selected. Line 9 computes the contrastive aggregated rewards for

two agents. Line 10 inserts the prompt subsets into two domain-

specific tasks by modifying the original training inputs. In line

11, we leverage new training inputs to regularize the training of

graph and language models. Line 12 applies the REINFORCE [73] to

optimize the edge selection ability of dual agents, with a combined

moving average baseline to reduce variance. Line 13 updates the

baseline for each agent based on their weighted mutual rewards.

3.4.3 Computational Complexity. Recall that an input graph has

|𝑉 | nodes, the feature sizes of input data and hidden layer are

denoted by 𝑑𝑖 and 𝑑ℎ , respectively. The time complexity of our

reinforcement learning framework is O(𝑇𝑑2
ℎ
+𝑇𝑑ℎ𝑑𝑖 ). If we apply

the “supervised learning” or the “pre-train and fine-tune” to update

the graph model, the space and time complexity of graph models

(e.g., L-layer GCN) would remain almost unchanged to be O(|𝑉 |2 +
𝐿𝑑2

ℎ
+𝐿 |𝑉 |𝑑ℎ) andO(𝐿 |𝑉 |2𝑑ℎ+𝐿 |𝑉 |𝑑2ℎ), respectively. This is because

Algorithm 1 CMRP Training Algorithm

1: Input: Given a pre-trained or randomly-initiated graph model F𝜙𝑔 and

a pre-trained language model F𝜙𝑙
; A pair of graph task 𝜇𝑔 and language

task 𝜇𝑙 ; Adjacency matrix A of input graph G and node features X𝑔 ;

Input textual features X𝑙 ; Groundtruth labels of graph and language

tasks Y𝑔 , Y𝑙 ; Episode size 𝐸
2: Output:Well-trained 𝜋𝜃𝑔 , 𝜋𝜃𝑙 , F𝜙𝑔 , and F𝜙𝑙

3: Create a domain-scalable prompt P through the CoT reasoning and

conduct the vector-based search

4: for episode 𝑒 in {1, . . . , 𝐸} do
5: Initialize the edge subsets 𝑃0

𝑔 , 𝑃
0

𝑙
of G-agent , L-agent as empty sets

6: for 𝑡 = 1, . . . ,𝑇 do

7: Predict the possibilities of adding current edges 𝑝𝑡𝑔 , 𝑝
𝑡
𝑙
into 𝑃𝑡

𝑔 ,

𝑃𝑡
𝑙
based on Eq. (8) - (9)

8: end for

9: Compute R𝐶𝑅
𝑔 , R𝐶𝑅

𝑙
based on Eq. (19)

10: Inject 𝑃𝑇𝑔 , 𝑃𝑇
𝑙

into graph and language domains, and modify the

original inputs based on Eqn. (3)

11: Perform the model training of graph and language models:

𝜙𝑔 ← 𝜙𝑔 − 𝜂𝑔 · ∇𝜙𝑔L(F𝜙𝑔 (𝑋𝑔,A′ ), 𝑌𝑔 ) (13)

𝜙𝑙 ← 𝜙𝑙 − 𝜂𝑙 · ∇𝜙𝑙
L(F𝜙𝑙

(𝑋 ′
𝑙
), 𝑌𝑙 ) (14)

12: Use the REINFORCE to update the parameters of dual agents:

𝜃𝑔 ← 𝜃𝑔 + 𝜂𝑝 · ∇𝜃𝑔 (R
𝐶𝑅
𝑔 − 𝐵𝑡

𝑔 ) (15)

𝜃𝑙 ← 𝜃𝑙 + 𝜂𝑝 · ∇𝜃𝑙 (R
𝐶𝑅
𝑙
− 𝐵𝑡

𝑙
) (16)

13: Update the Baselines 𝐵𝑡
𝑔 , 𝐵

𝑡
𝑙
for dual agents:

𝐵𝑡+1
𝑔 ← 𝛾1𝐵

𝑡
𝑔 + (1 − 𝛾1 ) (R𝐶𝑅

𝑔 + 𝜆1R𝐶𝑅
𝑙
) (17)

𝐵𝑡+1
𝑙
← 𝛾2𝐵

𝑡
𝑙
+ (1 − 𝛾2 ) (R𝐶𝑅

𝑙
+ 𝜆2R𝐶𝑅

𝑔 ) (18)

14: end for

15: return 𝜋𝜃𝑔 , 𝜋𝜃𝑙 , F𝜙𝑔 , F𝜙𝑙

our method is designed to augment the original graph connections

with prompt edges without changing the model structure. Similar

conclusions can be applied to the pre-trained language models,

which are fed with reinforced prompts as in-context knowledge

under the zero-shot or few-shot settings.

4 EXPERIMENTS

In this section, we compare the performance of our proposedmethod

to the state-of-the-art (SOTA) graph models, language models, and

prompting methods on various graph and language tasks. We aim

to answer the following research questions: RQ1: How effectively

does our method improve the state-of-the-art graph and language

methods under the “supervised learning” or “pre-train and fine-

tune” paradigm?RQ2: How do the main components of our method

impact the performance? RQ3: How robust is our method with

respect to noisy or complex inputs? RQ4: How powerful is our

method in enhancing the interpretability of graph and language

models? Due to space limit, we put the detailed descriptions of

datasets, model implementations, and additional experiments in

Appendix A.1-A.3, respectively. The source code and data are pub-

licly available at https://github.com/JohnJiang12138/CMRP
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4.1 Experimental Setup

Datasets. We conduct an extensive comparison of our methods

with other approaches on 23 public and synthetic datasets, includ-

ing (i) thirteen graph learning datasets: Node Classification

(NC), Link Prediction (LP), Graph Classification (GC); and (ii) ten

natural language understanding datasets: Publication Classifi-

cation (PC), Question Answering (QA), Movie Classification (MC).

Throughout model training and inference, we consider the inher-

ent correlation between graph and language tasks, thus forming

cross-domain input pairs as (NC, PC), (LP, QA), and (TS, MC).

Baselines. To verify the effectiveness of our CMRP, we select 19

SOTA baselines, which include:

(i) Six graph embedding based methods:

• TransE [2] follows the geometric principle as a translation

to encode the relationships among all entities and relations

into the low-dimensional embeddings.

• TransH [59] is a variant of TransE, which models a relation

as a hyperplane together with a translation operation on it.

• TransD [20] is another variant of TransE, which provides

a flexible mapping matrix to project entity embeddings to

relation subspace.

• ANALOGY [26]models analogical structures inmulti-relational

embedding via a differentiable loss function.

• SimplE [21] develops the non-negativity on entity repre-

sentations and approximate entailment constraints on all

relation representations.

• ComplEx [49] proposes a simple approach to matrix and

tensor factorization for link prediction task.

(ii) Six GNN-family models:

• GCN [22] is a semi-supervised convolutional network that

operates directly on graphs.

• GAT [51] leverages masked self-attentional layers to attend

over node neighborhoods’ features for graph convolutions.

• GT [72] proposes a generalized transformer neural architec-

ture to learn topological information.

• RESGCN [41] introduces three key components, i.e., the

residual links, bottleneck structure, and part-wise attention

to improve GCN.

• JKNET [19] introduces a dense convolutional network to

feed-forwardly connect each layer to every other layer.

• INCEPGCN [46] designs suitably factorized convolutions

and aggressive regularization to simply the architecture of

deep convolutional networks.

(iii) Three LLM-family models:

• ChatGPT-3.5 Turbo [33] is a decoder-only foundation model,

which is pre-trained and fine-tuned to follow instructions in

a prompt and provide a detailed response.

• LLama2 7bChat [48] is another pre-trained foundationmodel

meant to be fine-tuned for specific use cases.

• ChatGLM-3 Turbo [7] is a general pre-trained language

model based on auto-regressive blank infilling for various

downstream tasks.

(iv) Four prompting methods:

• ProG [45] develops a graph prompt to fine-tune the pre-

trained GNNs for graph learning tasks.

• InstructGLM [69] proposes some natural language prompts

to instruction-tune LLMs for graph learning tasks.

• Dropedge [37] is an augmentation-based method that pro-

vides a pseudo edge-dropping prompt by randomly removing

a certain amount of edges from the input graph to reduce

graph message passing.

• G-mixup [15] is another augmentation-based “prompting”

technique, which interpolates graphons of different classes

in the Euclidean space to get mixed graphons.

Evaluation Metrics. Our evaluation employs different metrics

tailored to each specific task. Specifically, for LP task, we use the

filtered ranking-based metrics [56], i.e., Mean Rank (MR), Mean

Reciprocal Rank (MRR) and Hits@k (k=1, 3, 10). In terms of NC and

GC tasks, we apply the classification accuracy metric (%) to evaluate

the model’s performance [15]. When it comes to PC, QA, and MC

tasks, we re-configure them into a unified format of QA template,

and follow [42] to adopt the exact match accuracy (Hits@1) as the

evaluation metric.

4.2 RQ1: Overall Performance

To answer the RQ1, we assess the effectiveness of our method

CMRP in boosting the performance of the SOTA graph and lan-

guage models under different learning paradigms: (i) “Supervised

learning” on graph baselines.We compared our prompt-based

methods with other prompt-free baselines on edge-level, node-level,

and graph-level tasks. We repeat the evaluation 5 times and report

the average results in Table 1, Table 2, and Table 3. Compared to all

baselines, the average percent improvements are (11.91%, 12.40%,

11.61%) on three NC datasets, (2.11%, 4.41%, 1.3%, 2.62%,10.31%) on

five LP datasets, (4.77%, 10.64%, 10.8%, 12.86%, 3.01%) on five GC

datasets given removing outlier data. The experimental results show

that our CMRP can yield more comprehensive and stable improve-

ments in the performance of various graph models. (ii) “Pre-train

and fine-tune” on GNNs.We further examine the elevated per-

formances of the pre-trained GNNs using our CMRP compared to

the SOTA ProG, Dropedge, and G-mixup. In particular, we first

use SimGRACE [64] to pre-train a GNN model in a self-supervised

manner, and then utilize a prompt to optimize the fine-tuning of

the pre-trained model for a downstream task. The results reported

in Table 2 demonstrate that our method is more capable of distill-

ing useful knowledge from multi-domain data, exemplified by a

11.91%, 12.40%, and 11.61% improvement on Cora, CiteSeer, and

Pubmed. (iii) “Pre-train and fine-tune” on LLMs. Table 1 de-

picts the overall performance of our CMRP and one prompting

baseline InstructGLM on three language tasks under the zero-shot

or few-shot setting. Compared to the baselines, CMRP receives

the average performance gains of 6.9% on PC task, 4.2% on QA

task, 11.9% on MC task by removing outlier data. The results again

verify the effectiveness of CMRP in exploiting useful topological

information as in-context knowledge to enhance the performance

of LLMs in various language tasks. Notably, InstructGLM displays

high standard deviations compared to CMRP on these NC datasets,

which indicate the graph and language prompts have a relatively

low signal-to-noise ratio, making the pre-trained GNNs easier to

get distracted by these prompts.
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Table 1: Performance comparison of our model and the SOTA baselines on LP and QA tasks. For simplicity, we omit the standard

deviations which vary in a small range. “ZS” and “FS” denotes “Zero-Shot” and “Few-shot” respectively.

Graph WN18 FB15K WN18RR FB15K237 YAGO3-10

Dataset MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10

TransE 50.5 9.0 92.7 94.7 52.3 37.5 63.1 76.2 19.3 2.3 37.0 44.7 28.6 19.0 32.5 47.5 31.0 19.9 36.6 52.4

TransE+Ours 53.3 13.9 92.9 94.8 54.0 39.4 64.7 77.4 19.6 2.3 37.6 45.1 28.8 19.2 32.6 47.8 35.3 23.7 41.6 56.9

TransH 47.7 5.0 91.3 94.0 48.7 32.0 61.3 74.9 18.5 1.5 35.7 41.8 28.2 17.9 32.6 48.0 41.0 29.8 47.6 61.3

TransH+Ours 49.1 6.6 92.1 94.1 51.6 35.2 64.3 77.3 18.8 1.2 36.8 42.5 28.8 18.6 33.1 48.9 43.6 32.7 50.1 63.3

TransD 49.2 7.6 91.6 94.1 54.2 39.5 65.0 77.6 18.6 2.5 36.0 42.8 28.1 17.7 32.5 48.2 37.1 25.8 43.2 58.1

TransD+Ours 51.5 11.1 92.2 94.1 56.4 42.0 68.1 79.5 19.0 2.8 36.8 42.9 28.7 18.3 33.0 48.8 41.9 31.2 48.1 62.2

ANALOGY 72.1 57.1 86.2 92.3 46.2 32.3 54.7 71.7 40.1 36.1 42.4 46.9 25.4 16.6 28.5 42.8 18.4 5.3 24.4 44.5

ANALOGY+Ours 72.7 57.5 87.2 92.6 47.9 33.7 56.8 73.6 40.7 36.7 42.6 47.9 25.7 16.9 28.9 43.5 25.2 15.1 29.2 45.7

SimplE 46.6 32.3 54.0 76.4 22.7 12.7 25.0 44.1 32.7 25.0 38.3 46.0 18.4 9.9 21.2 35.5 7.5 2.9 6.8 17.4

SimplE+Ours 48.5 34.5 56.0 76.6 24.5 14.2 27.5 45.1 34.2 27.2 38.7 46.2 19.5 11.6 21.4 36.6 9.9 5.2 9.7 18.8

ComplEx 71.7 61.1 80.0 89.4 35.5 22.9 41.4 60.6 39.3 35.1 42.0 45.7 24.2 15.8 26.9 41.0 10.7 2.9 11.8 26.8

ComplEx+Ours 73.8 64.1 81.5 90.1 36.0 22.9 42.7 61.0 39.7 35.5 42.3 46.0 24.7 16.3 27.5 41.7 15.3 8.4 15.7 30.3

Language SimpleQA CWQ SimpleQA CWQ SimpleQA CWQ SimpleQA CWQ SimpleQA CWQ

Dataset ZS FS ZS FS ZS FS ZS FS ZS FS ZS FS ZS FS ZS FS ZS FS ZS FS

ChatGPT-3.5 Turbo 0.57 0.49 0.47 0.82 0.49 0.35 0.68 0.70 0.52 0.49 0.72 0.61 0.76 0.62 0.65 0.54 0.33 0.41 0.68 0.66

ChatGPT-3.5 Turbo + Ours 0.60 0.53 0.50 0.84 0.50 0.34 0.71 0.69 0.50 0.50 0.75 0.65 0.79 0.63 0.70 0.58 0.35 0.42 0.69 0.69

LLama2 7b Chat 0.56 0.17 0.52 0.40 0.25 0.19 0.48 0.30 0.49 0.48 0.61 0.52 0.60 0.61 0.64 0.44 0.22 0.21 0.63 0.31

LLama2 7b Chat + Ours 0.59 0.20 0.56 0.46 0.28 0.19 0.46 0.33 0.51 0.50 0.63 0.55 0.61 0.62 0.66 0.48 0.20 0.20 0.67 0.33

ChatGLM-3 Turbo 0.52 0.35 0.76 0.65 0.43 0.37 0.68 0.72 0.48 0.48 0.63 0.58 0.70 0.62 0.48 0.24 0.22 0.44 0.73 0.64

ChatGLM-3 Turbo + Ours 0.57 0.37 0.80 0.69 0.46 0.38 0.70 0.75 0.51 0.46 0.63 0.59 0.71 0.64 0.51 0.27 0.26 0.43 0.73 0.65

Table 2: The experimental results of ourmodel and the closest

baseline ProG [45] and InstructGLM [69] on both NC and PC

tasks, respectively. The best performance on each dataset is

highlighted in bold.

Graph Dataset Cora CiteSeer PubMed

SimGRACE+GAT 71.60±1.02 74.35±0.18 69.93±0.47

SimGRACE+GAT+ours 78.49±0.40 82.40±0.39 75.20±0.95

SimGRACE+GCN 58.49±0.47 69.57±0.57 52.40±0.61

SimGRACE+GCN+ours 78.46±0.92 82.80±0.61 81.33±0.36

SimGRACE+GT 62.38±1.67 57.98±3.47 51.27±0.95

SimGRACE+GT+ours 77.68±0.33 82.04±0.37 76.45±1.87

RESGCN 84.56±0.445 76.76±0.26 89.10±0.29

RESGCN+ours 85.06±0.29 77.96±1.5 89.74±0.29

JKNET 83.70±1.05 77.56±0.32 89.44±0.35

JKNET+ours 84.76±0.22 78.40±0.40 89.86±0.68

INCEPGCN 83.10±0.93 77.76±0.50 89.76±0.41

INCEPGCN+ours 84.21±0.58 78.08±0.19 89.94±0.59

Language Dataset PC-Cora PC-CS PC-PM

LLama2 7b Chat 0.76±0.16 0.26±0.12 0.10±0.17

LLama2 7b Chat + Ours 0.81±0.11 0.31±0.13 0.14±0.16

ChatGPT-3.5 Turbo 0.84±0.04 0.87±0.05 0.75±0.13

ChatGPT-3.5 Turbo + Ours 0.87±0.10 0.88±0.05 0.78±0.17

4.3 RQ2: Ablation Study

To answer RQ2, we examine the impact of key components of our

reinforcement learning framework, i.e., different reward designs,

on the accuracy of GAT and GT on the GC task, and the Hits@1

of ChatGPT-3.5 Turbo and ChatGLM-3 Turbo on the MC task. We

investigate two variants of our method: (i) CMRP-S, which solely

adopts the performance reward R𝑃𝑅★ , (ii) CMRP-T, which abandons

the contrastive rewards R𝐶𝑅★ , and (iii) our method, which uses

the CoT to guide prompt generation and incorporates multi-view

rewards for multi-domain edge selection. As shown in Figure 4,

the removal of any component leads to a notable decline in per-

formance. In particular, through the comparison of CMRP-S and

Table 3: Performance comparison of our model and the SOTA

baselines on GC and MC tasks, with the best results in bold.

Note that the MC task is performed in the context of zero-

shot learning.

Graph Dataset IMDB-B IMDB-M REDD-B REDD-M5 REDD-M12

G
C
N

vanilla 72.18±1.55 48.79±2.72 78.82±1.33 45.07±1.70 46.90±0.73
Dropedge 72.50±0.31 49.08±1.89 81.25±8.15 51.35±1.54 47.08±0.55
DropNode 72.00±4.09 48.58±2.85 79.25±0.35 49.35±1.80 47.93±0.64
Subgraph 68.50±4.76 49.58±2.61 74.33±2.88 48.70±1.63 47.49±0.93
M-Mixup 72.83±1.75 49.50±1.97 75.75±4.53 49.82±0.85 46.92±1.05
G-Mixup 72.87±3.85 51.30±2.14 89.81±0.74 51.51±1.70 48.06±0.53
Ours 74.34±1.12 55.13±2.01 94.33±0.55 58.23±0.30 50.15±0.34

G
I
N

vanilla 71.55±3.53 48.83±2.75 92.59±0.86 55.19±1.02 50.23±0.83
Dropedge 72.20±1.82 48.83±3.02 92.00±1.13 55.10±0.44 49.77±0.76
DropNode 72.16±0.28 48.33±0.98 90.25±0.98 53.26±4.99 49.95±1.70
Subgraph 68.50±0.86 47.25±3.78 90.33±0.87 54.60±3.15 49.67±0.90
M-Mixup 70.83±1.04 49.88±1.34 90.75±1.78 54.95±0.86 49.81±0.80
G-Mixup 71.94±3.00 50.46±1.49 92.90±0.87 55.49±0.53 50.50±0.41
Ours 75.42±1.57 53.70±1.97 94.25±0.66 58.79±0.74 50.09±0.56

Language Dataset MC-IB MC-IM MC-RB MC-RM5 MC-RM12

L
L
M

LLama2 7b Chat 0.70±0.11 0.24±0.08 0.05±0.02 0.58±0.12 0.10±0.03
LLama2 7b Chat + Ours 0.78±0.02 0.32±0.01 0.12±0.01 0.65±0.06 0.04±0.01
ChatGPT-3.5 Turbo 0.57±0.05 0.68±0.07 0.70±0.02 0.82±0.04 0.48±0.14

ChatGPT-3.5 Turbo + Ours 0.92±0.08 0.92±0.03 0.80±0.10 0.90±0.07 0.67±0.05

CMRP-T, we find it crucial to examine the knowledge consistency

and semantic similarity of multi-domain inputs before fusing and

applying them to domain-specific tasks. Lastly, it’s worth noting

that the performance will decrease 24.66% on average if we remove

contrastive reward component for both tasks. This emphasizes that

the hybrid reward plays a critical role in resolving the issue of

negative transfer between modalities.

4.4 RQ3: Robustness Analysis

To answer RQ3, we perform a robustness analysis to evaluate the

influence of noisy or complex inputs on the performance of our

prompting framework using a LP dataset (WN18) and two QA

datasets (SimpleQA [1], CWQ [47]) as an example. Specifically, to

verify the robustness of our prompting method to noisy inputs, we

either prune K% of the original graph edges or consider the top K%

of semantically top-ranked graph nodes. As reported in Figure 5,
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Figure 4: Ablation study of multi-view rewards.
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Figure 5: Robustness analysis of our CMRP under different

conditions of noisy inputs.

compared to the InstructGLM, our method enables the underlying

models to become relatively robust to these perturbations in a

reasonable range from 0.167 to 0.597 in the first condition, and

from 0.127 to 0.429 on QA task, indicating the good denoising

ability of our CMRP. In addition, the hardness of questions is a

key consideration in evaluating the reasoning ability of prompting

approaches. We thus report the performance of ChatGPT-3.5 Turbo

+ Ours on complex reasoning QA dataset (CWQ) [47] and the simple

QA dataset (SimpleQA) [1] in Table 1. The results demonstrate an

overall stable trend in performance, with an average of 53.5% in the

metric of accuracy, which shows our prompting method can well

handle the deep reasoning problems.

4.5 RQ4: Case Study

To validate the ability of our reinforced prompt in enhancing model

interpretability, we further study the intermediate reasoning ques-

tions provided by our prompts. Specifically, the prompt edges se-

lected by dual agents are used to facilitate models to elicit human-

understandable explanations for final inference. Table 4 shows two

examples of LP and QA tasks using our CMRP based on a QA ex-

ample and FB15K237 dataset. We can find that given the input text,

the selected prompts closely adhere to the the reasoning questions

outlined by CoT. For the LP task, we manually extract the links

from the head entity “Courage Under Fire” to the tail entity “De-

tective Fiction”, and the results highlight the logical consistency

of our prompt-based path compared to the prompt-free one. Addi-

tionally, for the QA task, the LLM can generate answers reasonably

grounded in the context provided by selected edges.

5 CONCLUSION

In this paper, we present a novel plug-and-play framework for incor-

porating a lightweight cross-domain prompting method into both

Table 4: A case study of selected prompt edges to the model’s

reasoning ability under different tasks, where a selected edge

is denoted as token1 (𝑖𝑑1) — token2 (𝑖𝑑2).

✿Textual input: “Name a detective film”.

✿Reasoning questions: Q1: What language is spoken in the film? Q2:

Where does the story of the film take place? Q3: Are there any other films

that are similar in theme or style?

✿ Selected prompt edges: E1: “English Language” (160) — “United States

of America” (32). E2: “The World Is Not Enough” (678) — “Family Plot”

(1505). E3: “The World Is Not Enough” (678) — “United States of America”

(32) E4: “Family Plot” (1505) —“Detective-GB” (9615)

✔ Prompt for LP task

Existing graph links: “The World Is Not Enough”

film_country

−−−−−−−−→ “United

States of America”, “The World Is Not Enough”

film_release_region

−−−−−−−−−−−−→ “United

States of America”

Test examples (“Courage Under Fire”

?−→ “Detective Fiction”):

Reasoning path w/o our prompt: “Courage Under Fire”

film_genre

−−−−−−−→ “Drama”

tv_program_genre

−−−−−−−−−−−−→ “Pushing Daisies”

film_genre

−−−−−−−→ “Detective Fiction”

Reasoning path w/ our prompt: “Courage Under Fire”

film_genre

−−−−−−−→ “Detective-

GB” —“Family Plot”

film_genre

−−−−−−−→ “Detective Fiction”

✔ Prompt for QA task

Question: Please answer to the prompt “Name a detective film” based on

the following information:

To answer the above question, we develop several intermediate reasoning

questions Q1, Q2, Q3. According to these questions, the discovered graph

knowledge include E1, E2, E3, E4.

Answer (ChatGPT 3.5): Based on the provided intermediate reasoning

questions and graph knowledge, a suitable response to the prompt "Name a

detective film" could be "Chinatown."

Reasons: (1) Language spoken in the film: English.

(2) Location of the story: The film is set in the United States of America.

(3) Similar films in theme or style: "Chinatown" shares thematic elements

with "The World Is Not Enough."

language and graph learning tasks. To be more specific, we first

proposed a domain-agnostic prompt to investigate the semantic and

logical contents of the textual input but also highlight related graph

information as external knowledge for different domain tasks. To

distill useful knowledge from prompt edges, we propose a collabora-

tive policy learning scheme to optimize the edge selection strategy

that maximizes the mutual rewards of dual agents. We evaluate

our approach on 23 real-world and synthetic graph and language

datasets, and the results demonstrate its superiority over other

baselines. Our method can effectively enhance the performance,

robustness, interpretability of graph and language models under

the “supervised learning” and “pre-train and fine-tune” paradigms.
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A APPENDIX

A.1 Dataset Descriptions

Extensive comparison of our method with other approaches has

been conducted on 23 public and synthetic datasets across 6 differ-

ent tasks of graph and language domains, including:

Table 5: Statistics of datasets for node classification task.

Dataset #nodes #edges #classes #labels #training set #validation set #testing set

Cora 2,708 5,429 1,433 7 1,896 542 270

CiteSeer 3,327 9,104 3,703 6 2,329 665 333

Pubmed 19,717 88,648 500 3 13,802 3,943 1,972

Table 6: Statistics of datasets for link prediction task.

Dataset #entities #relations #training set #validation set #testing set

FB15K 14,951 1,345 483,142 50,000 59,071

WN18 40,943 18 141,442 5,000 5,000

FB15K237 14,541 237 272,115 17,535 20,466

WN18RR 40,943 11 86,835 3,034 3,134

YAGO3-10 123,182 37 1,079,040 5,000 5,000

Table 7: Statistics of datasets for graph classification task.

Dataset #size #classes #avg.nodes #avg.edges #training set #validation set #testing set

IMDB-BINARY 1,000 2 19.77 96.53 700 200 100

IMDB-MULTI 1,500 3 13.00 65.94 1050 300 150

REDDIT-BINARY 2,000 2 429.63 497.75 1400 400 200

REDDIT-MULTI-5K 4,999 5 508.52 594.87 3499 1000 500

REDDIT-MULTI-12K 11,929 11 391.41 456.89 8350 2386 1193

A.1.1 Graph Domain. (i) Node classification task, in which we

focus on three popular citation datasets: CORA, PUBMED, CITE-

SEER (with the statistics reported in Table 5). In each citation

graph, its nodes denote documents, edges are citations, and each

node feature is represented by the bag-of-words representation

used to classify the research topic of papers. (ii) Link prediction

task, in which we consider five benchmark datasets of knowledge

graph [21, 25, 26], includingWN18, FB15K,WN18RR, FB15K237 and

YAGO3-10 (with the statistics shown in Table 6). In each graph, it

comprises a set of edges, each consisting of a head entity, a relation

edge, and a tail entity. (iii) Graph classification task, in which

we use two series of IMDB (IMDB-BINARY, IMDB-MULTI) and

REDDIT (REDDIT-BINARY, REDDIT-MULTI-5K, REDDIT-MULTI-

12K) datasets [67] (with the statistics written in Table 7). IMDB
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series represent relational datasets that consist of the ego-networks

of 1,000 actors/actresses who played roles in movies. Meanwhile,

REDDIT series stands for graphs corresponding to online discus-

sions on Reddit. In each graph, the nodes represent users, and there

exists an edge between them if at least one of them responds to the

other’s comment.

A.1.2 Language Domain. We re-configure the following language

tasks into the question-answer (QA) format. (iv) Paper classifi-

cation task, where we create three synthetic datasets (PC-Cora,

PC-CS, PC-PM) based on Cora, CiteSeer, and PubMed. Each dataset

contains a group of questions that correspond to the node-wise

similarity measured from three aspects: semantic similarity, struc-

tural similarity, and degree similarity. In particular, we design the

following instruction prompts that guide ChatGPT 3.5-turbo to

conduct the above similarity measurements:

There are two nodes, node {{node_i}} and node {{node_j}}. Their
structural similarity is {{jaccard_similarity}}. Their feature
similarity is {{feature_similarity}}. Their average degree is
{{degree_similarity}}. Question: Is node {{node_i}} similar to node
{{node_j}}? Please Only Answer: 'Yes' or 'No'.

In this way, such multi-aspect consideration enables the LLM

to perform CoT-based reasoning more effectively. Note that these

synthetic datasets share identical statistics as three node classifica-

tion datasets. (v) Question answering task, in which we prepare

two open-domain KBQA datasets: Single-Hop KBQA named Sim-

ple Questions (SimpleQA) [1] and Multi-Hop KBQA called Com-

plexWebQuestions(CWQ) [47]. On the one hand, SimpleQA con-

tains 108,442 simple natural language questions, each of which is

paired with a corresponding fact from Freebase [4]. On the other

hand, CWQ contains a large set of complex questions that require

reasoning over multiple web snippets [47]. For the task above, we

constructed the following instruction prompts:

Please answer to the prompt {{prompt_content}} based on the following

information:
To answer the above question, we develop several intermediate
reasoning questions:{{resoning_questions_list[i]}}, According to
these questions, the discovered graph knowledge
include:{{graph_knowledge[i]}}.

(vi) Movie classification task, where we create five synthetic

datasets (MC-IB, MC-IM, MC-RB, MC-RM5, MC-RM12) based on

IMDB and REDD series. Each dataset includes a set of movie pre-

diction questions, each focusing on predicting the type of movie

in which a given actor participates. In particular, we first find all

2-hop neighbors of an actor node and count the number of differ-

ent categories of movies they participated in, respectively. Then

a probability vector containing the neighbors’ statistics, together

with structural information, is provided to facilitate subsequent

LLM reasoning and prompt construction. Similarly, the instruction

prompts used here are listed as:

Actor {{actor_name}} has neighbors that belong to various classes,
the probability vector is {{probabilities}}, is this actor likely
belong to class {{actor_label}}? Only reply yes or no.

Note that these synthetic datasets share identical statistics as

five graph classification datasets.

A.2 Implementation Details

We conduct our experiments using PyTorch [35] on a Linux Ubuntu

Server with 4 RTX 4090 GPUs, 2 NVIDIA A100 40G GPUs, and 8

NVIDIA Tesla V100 GPUs. For each dataset, we report the mean and

standard deviation over ten runs. We use two single-layer LSTMs

for G-agent and L-agent, respectively. For each pair of graph and

language datasets, we first perform CoT prompting on the Chat-

GPT 3.5-turbo [33] to decompose each of 1000 QA samples into

multiple intermediate reasoning questions. For semantic match-

ing, we incorporate the same embedding model T5-Small [36] to

vectorize all graph nodes and questions for all datasets. Then, a

graph node would be preserved in a question if their cosine simi-

larity is larger than a pre-defined threshold. Other details of model

hyper-parameters are reported in the source code.

A.3 Additional experiments

We conducted additional experiments on large and dynamic graphs

to further validate our method’s scalability.

Firstly, we used a large dataset, ogbl-wikikg2, which includes

over 2 million entities and 500 relation types. Here, TransE and

ComplEx models were employed for the link prediction task.

Table 8: Experiment Results on OGBL-wikikg2

Model Metric MRR Hits@1 Hits@3 Hits@10

TransE

w/o ours 26.7 21.3 28.9 35.9

w/ ours 31.9 28.1 33.4 38.0

ComplEx

w/o ours 38.7 33.4 39.7 48.4

w/ ours 40.9 34.1 42.9 54.7

Secondly, we tested on two datasets, Wikipedia and Reddit, using

a Temporal Graph Network (TGN) for dynamic node classification.

The results indicate relative improvements of 1.88% and 2.15% in

classification accuracy on Wikipedia and Reddit, respectively.

A.4 Discussions and Future work

A.4.1 Computational overhead and Performance gain. The compu-

tational burden brought by RL agents to the backbone is negligible,

with the computational time increased by less than 3%, and the

parameter size increased by less than 5%. The prompt size can also

be adjusted by setting various thresholds.

However, we find limited performance gain in some scenarios,

which is related to the adapting ability of the specific foundation

model to the inserted prompt.

A.4.2 How difficult it would be to use any random graph and LLM
pair for integration? Integrating any random graph with an LLM is

complex due to the need to bridge modalities, which varies with

each graph’s features, size, and density. These factors significantly

influence how prompts are crafted and applied.

A.4.3 Future Work. Our current approach uses CoT to segment

questions for node-wise semantic alignment in graph data, poten-

tially overlooking the benefits of structural graph information that

could enhance reasoning in complex QA tasks. Additionally, it does

not account for dynamic changes in node relations, such as evolving

real-world facts. Moreover, while modifying prompts is crucial for

optimizing LLM outputs, developing an active learning algorithm to

automatically adjust prompts could significantly improve response

quality. These limitations will be addressed in our future research.
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