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Abstract
Graph neural networks (GNNs) have become a dominant
modeling paradigm for graph-structured data, and the emer-
gence of large language models (LLMs) has spurred grow-
ing interest in integrating external semantic knowledge into
GNNs. Current LLM-based GNNs are devoted to extracting
semantically similar information from LLMs to enhance rep-
resentation learning. However, they generally overlook key
signals that are semantically dissimilar but exhibit stronger
inter-class discriminative ability. Especially when the origi-
nal graph data contains noise or semantic ambiguity, a sin-
gle similarity-based semantic augmentation strategy not only
fails to provide effective enhancement, but may also amplify
misleading signals generated by the LLM in response to low-
quality inputs or its own hallucinations, further degrading
the discriminative power and robustness of GNNs. To this
end, we propose a dual positive-negative knowledge extrac-
tion strategy based on LLMs, and integrate it with a knowl-
edge distillation mechanism to dynamically transfer multi-
dimensional enhanced signals to GNNs, thereby achieving
fine-grained and robust graph representation learning. Specif-
ically, we design personalized prompts to guide LLMs in gen-
erating semantically similar positive signals and semantically
dissimilar negative signals, which help the model capture
intra-class consistency and inter-class distinction. Then, we
further generate structural and semantic reasoning as supple-
mentary knowledge to support the rationality and guidance of
supervision signals. To identify high-confidence transferred
knowledge, we introduce a language-based evaluation mech-
anism to filter low-confidence or hallucinated outputs. Fi-
nally, under a unified distillation framework, our method uses
both positive and negative knowledge to guide GNN training,
achieving adaptive and robust representation learning. Exten-
sive experiments on benchmark datasets verify the superior
performance of our approach across various tasks.

Introduction
Graph-structured data are pervasive across real-world ap-
plications, including social networks (Fan et al. 2019; Jia
et al. 2025; Wang et al. 2018, 2017), protein–protein inter-
action networks (Manipur et al. 2021), and transportation
systems (Dai et al. 2020; Jin et al. 2025). Such data en-
code intricate relational dependencies among entities and
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have emerged as a fundamental focus in machine learning
and data mining (Wang et al. 2020). Graph Neural Networks
(GNNs) (Zhou et al. 2020; Wu et al. 2020; Huo et al. 2023),
as a core framework for modeling graph data, effectively
integrate both structural topology and node-level attributes
within a unified deep learning paradigm. By leveraging mes-
sage passing and neighborhood aggregation, GNNs itera-
tively refine node representations, enabling them to capture
both local and global patterns. Due to their modeling capac-
ity and versatility, GNNs have achieved remarkable success
in a wide range of tasks, including node classification (Xiao
et al. 2022), link prediction (Zhang and Chen 2018; Cai et al.
2021), and recommendation systems (Wu et al. 2022; Gao
et al. 2023). Moreover, their applicability has been increas-
ingly extended to broader domains such as natural language
processing (Wu et al. 2023), computer vision (Chen et al.
2024a), and bioinformatics (Zhang et al. 2021), establishing
GNNs as indispensable components in intelligent systems.

To advance the performance boundaries GNNs, a variety
of enhancement strategies have been explored, which can be
broadly categorized into three paradigms: architectural re-
finement, representation-level learning, and knowledge inte-
gration. Architectural improvements aim to strengthen mes-
sage propagation by introducing deeper or residual struc-
tures, such as GCNII (Chen et al. 2020) and JKNet (Xu
et al. 2018), or adaptive neighborhood sampling as in Graph-
SAINT (Zeng et al. 2020). Representation-level approaches
focus on auxiliary learning objectives, including contrastive
learning (e.g., GraphCL (You et al. 2020), BGRL (Thakoor
et al. 2021)) and self-supervised pretraining (e.g., GPT-
GNN (Hu et al. 2020b)), to improve embedding gener-
alization. More recently, knowledge-based methods have
attracted increasing attention, particularly those integrat-
ing external semantic signals from large language models
(LLMs). For instance, LLM-GNN (Chen et al. 2024b) aug-
ments node features with textual context, while GraphTool-
former (Zhang 2023) and GraphLLM (Chai et al. 2023)
guide message passing or prediction using LLM-generated
knowledge. These approaches show the potential of LLMs
in enriching GNNs with high-level semantic priors, paving
the way for a new direction in graph representation learning.

While existing studies have preliminarily demonstrated
the feasibility of incorporating LLMs into GNNs to improve
performance, the full potential of LLMs as high-quality
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semantic supervision sources remains underexplored. Cur-
rent approaches predominantly focus on extracting seman-
tically aligned positive information to enhance represen-
tation, yet often overlook contrastive signals that, despite
being semantically dissimilar, are more valuable for con-
structing inter-class decision boundaries. In principle, LLMs
possess the capacity to generate multi-dimensional, task-
relevant knowledge—including both positive signals that re-
inforce intra-class consistency and negative cues that high-
light inter-class distinctions. However, effectively exploiting
such rich semantics remains challenging. First, the quality
of LLM outputs is highly dependent on prompt design, and
generating informative yet complementary signals requires
carefully contextualized guidance. Second, graph data com-
monly contain noise, ambiguity, or adversarial perturba-
tions, which may trigger hallucinations in LLM outputs,
undermining the reliability of knowledge transfer. Third,
existing methods generally lack dynamic mechanisms to
assess and filter generated signals. Although some works
adopt distillation techniques to guide GNN learning, they
still largely rely on static transfer of positive semantics, fail-
ing to systematically mine and integrate discriminative ex-
ternal knowledge (Hu et al. 2025; Pan et al. 2024). These
challenges underscore the need for a robust and controllable
knowledge transfer framework to fully unlock the supervi-
sory potential of LLMs in graph representation learning.

To address above challenges, we propose DuoKD, a dual
positive-negative semantic distillation framework that har-
nesses LLMs to provide fine-grained and robust supervision
for GNNs. Specifically, we design personalized prompting
strategies to elicit from LLMs both semantically similar pos-
itive signals and semantically dissimilar negative signals,
which enhance the model’s ability to capture intra-class con-
sistency and inter-class distinction. In addition, we extract
structural and semantic reasoning explanations correspond-
ing to these signals, which serve as auxiliary knowledge
to strengthen the informativeness and reliability of the su-
pervision. To ensure the quality of transferred knowledge,
we introduce a natural language-based evaluation mecha-
nism to filter out low-confidence or hallucinated outputs, en-
abling the distillation of trustworthy signals. Finally, under
a unified knowledge distillation framework, DuoKD adap-
tively integrates positive and negative knowledge to guide
the GNN’s training process, facilitating robust representa-
tion learning in the presence of noisy or ambiguous graph
data. In summary, our core contributions are three-fold:

• We propose a dual positive-negative knowledge augmen-
tation paradigm that systematically incorporates semanti-
cally similar positive signals and semantically dissimilar
negative signals from LLMs, explicitly modeling intra-
class consistency and inter-class distinctiveness to ex-
ploit the discriminative potential of external knowledge.

• We propose a unified knowledge distillation frame-
work that dynamically transfers multi-dimensional sig-
nals from LLMs. It incorporates both opinion- and
rationale-level supervision, while employing a language-
based evaluation mechanism to filter low-confidence or
noisy knowledge, thereby enabling robust GNN training.

• Extensive experiments on multiple benchmarks demon-
strate that our method consistently outperforms existing
approaches across various tasks, showing superior dis-
criminative power and robustness, particularly under se-
mantically ambiguous or structurally noisy scenarios.

Preliminaries
Text-Attributed Graphs. A Text-Attributed Graph (TAG)
is formally defined as G = (V, E ,X ), where V = {vi}ni=1
represents the node set, E ⊆ V × V denotes the edge set,
and X = {xi}ni=1 consists of textual attributes for each
node vi. Here, xi captures the natural language descrip-
tion of node vi, enabling the integration of graph topology
with rich semantic information. TAGs serve as foundational
structures for applications like citation networks and knowl-
edge graphs, where both relational dependencies and textual
context are critical. However, modeling such graphs requires
joint reasoning over structural dependencies and linguistic
semantics, motivating the integration of GNNs and LLMs.

Graph Neural Networks. GNNs process graph-
structured data through iterative message passing. For
a node v, its representation at layer k is updated via:

h(k)
v = fθ

h(k−1)
v ,

⊕
u∈N (v)

gϕ

(
h(k−1)
u ,h(k−1)

v

) , (1)

where h
(k)
v ∈ Rd is the feature vector of node v at layer

k, N (v) denotes its neighbors, gϕ aggregates neighbor fea-
tures, fθ updates node states, and

⊕
is an aggregation oper-

ator. While GNNs effectively capture multi-hop dependen-
cies via message passing, they are limited in understanding
the semantic complexity of textual attributes, highlighting
the need for integration with LLMs.

Methodology
We commence with a high-level overview of our method,
and subsequently detail each constituent module.

Overview
To fully leverage the semantic supervision capacity of LLMs
while mitigating their unreliability and maximizing dis-
criminative effectiveness in graph learning, we propose a
dual knowledge distillation framework (DuoKD), structured
around three core modules: (1) Positive-Negative Knowl-
edge Extraction from LLMs, where large language models
are guided to generate task-relevant opinions, rationales with
both semantically aligned (positive) and contrasting (neg-
ative) perspectives; (2) Language-based Knowledge Eval-
uation, which utilizes natural language probing and coun-
terfactual reasoning to assess the reliability of generated
knowledge and filter out low-confidence or hallucinated sig-
nals; (3) Adaptive Dual Knowledge Distillation, which dis-
tills high-confidence knowledge into lightweight GNNs, en-
couraging them to align with informative positive guid-
ance while learning from adversarially constructed negative
supervision. This unified design effectively integrates the
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Figure 1: The whole architecture of our proposed DuoKD.

rich semantic priors of LLMs with the discriminative train-
ing of GNNs, enabling robust graph representation learning
through dual positive-negative knowledge transfer.

Positive-Negative Knowledge Extraction
This module aims to extract opinion-level and rationale-
level semantic knowledge from LLMs. To this end, we de-
sign personalized prompting strategies to guide the LLM
in producing logits-like confidence scores over all prede-
fined categories, while explicitly requiring comprehensive
and fine-grained semantic perception across the entire label
space. Based on the resulting outputs, we identify the most
semantically aligned opinion as the positive supervision sig-
nal and the most semantically dissimilar category as the neg-
ative contrastive signal, along with their corresponding nat-
ural language rationales. These multi-dimensional signals
are then transformed into discriminative and instructive ex-
ternal supervision to enhance the GNNs. To extract high-
quality supervision signals from LLMs, we adopt a three-
stage prompting-based framework that retrieves both predic-
tive and explanatory knowledge for each node in a graph.

Step 1: Generation of Positive and Negative Opinions.
To extract fine-grained semantic supervision, we leverage
a zero-shot prompting strategy to query the LLM using
both the node vn’s raw text attribute xn and its neighbor-
hood context {xi}i|vi∈N (vn). This produces a soft label vec-
tor ln ∈ R|Y|, representing the LLM’s logits-like confi-
dence distribution over predefined classes. Unlike traditional
pseudo-labeling, our approach enables the LLM to assess se-
mantic alignment and inter-class distinction under a graph-
aware context, offering both the most semantically aligned
class as the positive opinion and the most dissimilar one as
the negative opinion. The process is formulated as:

ln = LLM(xn, {xi};promptlabel), (2)

We then derive the positive and negative opinions based
on the soft label distribution ln. Specifically, the class with

the highest confidence is selected as the positive label y+n =
argmax(ln), while the class with the lowest confidence (i.e.,
the minimum value in ln) is selected as the negative label
y−n = argmin(ln) to provide contrastive supervision:

y+n = argmax
y∈Y

ln[y], (3)

y−n = argmin
y∈Y

ln[y]. (4)

The jointly extracted positive and negative opinions cap-
ture the LLM’s semantic perception of the input and enables
the GNN to simultaneously enhance intra-class consistency
and inter-class discrimination.

Prompt Example: Generation of Opinions

Input: We want to classify a paper into the following cat-
egories: [category1, category2, ...]. Please identify logits-
like probabilities for each class and give your final clas-
sification, ensuring that the distribution exhibits maximal
inter-class separability. At the same time, the category
with the lowest confidence is identified as negative label
The paper is: ”...”.
Its neighbors are: ”...”
Response: {Probabilities: [0.1, 0.9, ...], Positive Opinion:
’category2’, Negative Opinion:’category1’}

Step 2: Positive Rationale Extraction. Unlike traditional
knowledge distillation methods that primarily rely on soft
labels or logits from LLMs (Chen et al. 2024b; Chai et al.
2023), our framework introduces a richer form of supervi-
sion from LLMs, comprising two key components: the pre-
dicted opinion y+n , and a pair of rationales that provide se-
mantic and structural explanations for this prediction. These
rationales aim to bridge the LLM’s natural language under-
standing and the GNN’s symbolic graph-based reasoning.

• Semantic rationale: explains why the textual content
supports the predicted opinion.
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• Structural rationale: highlights how the graph structure
(e.g., neighborhood information) reinforces the classifi-
cation decision.

Prompt Example: Positive Rationale

Input: This paper is classified into the opinion: ”label”.
(semantic rationale) Please explain why this classifica-
tion makes sense. What characteristics or signals in the
paper content might justify this label? (structural ratio-
nale) Please identify the top 5 neighboring papers that
most strongly support this classification.
The paper is: ”...”.
Its neighbors are: ”...”
Response: {semantic rationale: ’The classification of
this paper into the category is justified due to its fo-
cus on the foundational....’, structural rationale: [’node
id’,cofidence,...]

In this context, we treat LLMs not only as label teach-
ers but also as knowledge supervisors, providing semantic
and structural justifications that GNNs can align with during
training. For each node vi, the LLM produces a rationale Ri

that reflects the internal decision-making process. We divide
Ri into two components:
• The semantic rationale r+sem,i, which is embedded using

a language encoder (e.g., SBERT(Reimers and Gurevych
2019)) into a dense vector representation ϕLLM (r+sem,i),
and serves as a target for aligning the GNN’s latent rep-
resentation via MSE loss;

• The structural rationale r+struct,i, which is parsed into a
set of relevance scores over the node’s neighbors. These
scores are normalized and used as confidence-aware edge
weights that modulate message passing within GNN.

Prompt Example: Negative Rationale

Input: This paper is classified into the category: ”negative
label”. (semantic rationale)Please explain why this clas-
sification makes sense. What characteristics or signals in
the paper content might justify this label? (structural ra-
tionale)Please identify the top 5 neighboring papers that
most strongly support this classification.
The paper is: ”...”.
Its neighbors are: ”...”
Response: {semantic rationale: ’The classification of
this paper into the category is justified due to its fo-
cus on the foundational....’, structural rationale: [’node
id’,cofidence,...]

Step 3: Negative Rationale Extraction. To obtain neg-
ative supervision signals, we draw inspiration from the
paradigm of counterfactual explanation generation (Feng
et al. 2024), which encourages a model to reason about
“what would need to change for a different decision to be
made.” In our case, we exploit this capacity of LLMs by
deliberately injecting a negative label y−n into the prompt
to construct a counterfactual scenario. Instead of asking the
LLM to predict or justify the correct label, we pretend that
the node should belong to y−n and ask the LLM to rationalize
that false assumption.

This subtle manipulation leads the LLM to expose weak-
nesses or inconsistencies between the input node and the in-
correct label, thus generating valuable negative rationales.
The negative rationales r−sem,n and r−struct,n are defined anal-
ogously to their positive counterparts, but are generated by
conditioning the LLM on a counterfactual label y−n to simu-
late incorrect reasoning paths.

After generating these rationales, we draw inspiration
from negative learning (Kim et al. 2019, 2021), which en-
courages the student model to explicitly diverge from mis-
leading supervision. Instead of mimicking these rationales,
the GNN is penalized when its internal representations align
with the LLM’s explanation for the incorrect class. This
forms the basis for our contrastive rationale loss .

Language-based Knowledge Evaluation
To ensure the reliability of natural language rationales used
in distillation, we perform a language-level evaluation over
both positive and negative semantic rationales r+sem and r−sem.
Specifically, we adopt two complementary metrics from the
CEval benchmark (Nguyen, Schlötterer, and Seifert 2024) to
assess both the semantic consistency and linguistic fluency
of generated rationales:
• Textual Distance (TD): We compute the average Leven-

shtein distance between each generated rationale x and
its counterfactual reference xcf , measuring their seman-
tic and lexical deviation:

TD(x, xcf ) =
1

N

N∑
i=1

Levenshtein(x(i), x
(i)
cf ), (5)

where N is the batch size, and Levenshtein(·, ·) calcu-
lates the minimum token edits (insertions/deletions/sub-
stitutions) between text pairs.

• Perplexity (PPL): We employ a pretrained GPT-2 model
to evaluate the fluency of each rationale xcf . The per-
plexity is defined as:

PPL(xcf ) = exp

(
− 1

T

T∑
t=1

logPGPT-2(wt | w<t)

)
,

(6)
where T is the number of tokens in xcf , and PGPT-2 de-
notes the GPT-2 model probability.

Rationales with high TD or abnormal PPL are discarded
before knowledge transfer, ensuring that only high-quality
and faithful supervision signals are distilled into the GNN
training process. Then each rationale r is scored by a
weighted sum of the two metrics:

Scoresem(r) = α · TD(r) + (1− α)) · PPL(r), (7)

where α is the hyperparameter that balance textual devia-
tion and fluency. A rationale is retained for training only if
its score falls below a predefined threshold. This filtering
mechanism reduces the impact of noisy generation and en-
sures that the GNN is guided by trustworthy semantic expla-
nations. To apply this evaluation in practice, we introduce a
binary gating function:

⊮[Scoresem(r) < τ ], (8)
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where τ is a tunable threshold. This indicator function
equals 1 if the rationale’s score is acceptable and 0 other-
wise. We use this gate to control whether a rationale con-
tributes to the rationale-level alignment loss.

Adaptive Dual Knowledge Distillation
Our DuoKD framework leverages both positive and nega-
tive supervision signals extracted from LLMs to enhance the
learning of GNNs on text-attributed graphs. The distillation
operates on two complementary axes: opinion-level align-
ment and rationale-level alignment, each containing positive
and negative components.

Opinion-Level Distillation. At the prediction level, the
GNN is guided to mimic the soft pseudo-labels z(LLM) pro-
duced by the LLM. Positive label loss pushes the student to
match the teacher’s output distribution:

Lopi
pos = KL

(
σ(z(LLM)/τ) ∥ σ(z(GNN)/τ)

)
, (9)

where τ is a temperature parameter and σ denotes the soft-
max function.

To avoid misleading the GNN with unreliable or incor-
rect supervision, we introduce a negative label loss that ex-
plicitly penalizes the student model when its predictions are
overly aligned with the LLM’s outputs for negative (low-
confidence or incorrect) labels:

Lopi
neg =

∑
i∈Ineg

max
(
0, cos(z

(GNN)
i , z

(LLM)
i )−m

)
, (10)

where Ineg indexes negative samples and m is a margin hy-
perparameter.

Rationale-Level Distillation. Beyond label predictions,
we also distill explanatory knowledge by aligning the
GNN’s internal representations with LLM-generated ratio-
nales. These rationales come in two modalities: semantic
(natural language explanations) and structural (neighbor im-
portance scores).
Semantic rationales. r+sem,i and r−sem,i are embedded into
vector representations ϕLLM (r) using a pretrained language
encoder. To make the representation spaces compatible, the
GNN node embeddings are first mapped through a learnable
projection head P , producing ϕ̃GNN (vi) = P (ϕGNN (vi)).
These projected embeddings ϕ̃GNN (vi) are then trained to
align with positive semantic rationales while being repelled
from negative ones, gated by the quality score in Section 3.2:

Lrat
pos = ⊮

[
Scoresem(r

+
i ) < τ

]
·MSE

(
ϕ̃GNN (vi), ϕ

LLM (r+i )
)
,

(11)

Lrat
neg = ⊮

[
Scoresem(r

−
i ) < τ

]
·max

(
0, cos(ϕ̃GNN (vi), ϕ

LLM (r−i ))−m
)
.

(12)

Here, ⊮[·] is an indicator gating function that filters out
low-quality rationales based on a threshold τ .
Structural rationales. r+struct,i produced by the LLM as-
sign confidence scores to a node’s neighbors, indicating their

relevance for classification. We integrate these importance
weights wi ∈ R|N (vi)| into the GNN’s message passing by
modulating edge weights accordingly:

h
(l+1)
i = σ

 ∑
j∈N (i)

wij ·Wh
(l)
j

 , (13)

where W is a learnable transformation matrix and σ is an ac-
tivation function. This mechanism allows the GNN to prefer-
entially aggregate information from semantically important
neighbors as indicated by the LLM. Negative structural ra-
tionales r−struct,i can be used to penalize the GNN’s reliance
on misleading neighbors by contrasting the GNN’s learned
attention weights with the inverted negative importance dis-
tribution. Accordingly, the positive and negative distillation
losses can be defined as:

Lpos = Lopi
pos + Lrat

pos, (14)

Lneg = Lopi
neg + Lrat

neg. (15)

Overall Objective. The overall training objective com-
bines both types of supervision in a unified distillation loss:

Ltotal = λ1 · Lpos + λ2 · Lneg + λ3 · Lsup, (16)

where Lsup is the standard supervised loss, λ controls the
importance of different supervision signals during training.

This dual framework enables the GNN to absorb rich,
trustworthy semantic and structural knowledge from the
LLM while explicitly avoiding misleading or noisy signals,
leading to improved robustness and interpretability.

Experiments
Experimental Setup
Datasets. We evaluate our framework on three widely-
used text-attributed graph benchmarks: Cora, PubMed, and
ogbn-arxiv. Cora and PubMed (Sen et al. 2008) are cita-
tion networks where nodes represent scientific publications
and edges denote citation links. Each node is associated with
a document abstract and a single topic label. ogbn-arxiv is
a large-scale academic graph from the Open Graph Bench-
mark (OGB) (Hu et al. 2020a), where nodes correspond to
arXiv papers indexed by MAG and edges represent citation
relations. Each node is labeled with one of 40 subject ar-
eas and is associated with a title and abstract. In accordance
with established methodology, all datasets were partitioned
into training, validation, and test subsets using a randomized
60-20-20 split ratio.

Implementation Details. Our implementation is based
on PyTorch Geometric and Huggingface Transformers
(MIT License). All experiments are conducted on a single
NVIDIA RTX 3090 GPU (24GB VRAM). We use GPT-
4o-mini as the frozen LLM teacher, with a maximum in-
put length of 512 tokens for full-text prompts and 48 tokens
for keyword-style prompts. For student models, we adopt 2-
layer GNN with hidden dimension 256. We first query the
LLM to extract all signals, then freeze them and train the
student GNN with our proposed loss. GNNs are trained for
200 epochs with learning rate 0.01. Evaluation metrics are
Accuracy and Macro-F1, averaged over 5 random seeds.
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Method Cora PubMed ogbn-arxiv
Acc F1 Acc F1 Acc F1

GCN 86.53 ± 0.92 85.36 ± 1.01 86.15 ± 0.87 85.64 ± 0.82 71.74 ± 0.21 70.44 ± 0.33
GAT 86.10 ± 1.00 85.12 ± 1.03 86.20 ± 0.93 85.31 ± 0.88 73.66 ± 0.35 71.04 ± 0.47
GraphSAGE 86.92 ± 0.85 85.85 ± 0.79 87.12 ± 0.76 86.90 ± 0.70 73.85 ± 0.43 72.31 ± 0.50
GIN 86.60 ± 0.91 85.41 ± 0.88 86.40 ± 0.95 85.78 ± 0.84 71.62 ± 0.42 70.33 ± 0.47
FAGCN 88.32 ± 0.55 86.93 ± 0.61 88.64 ± 0.63 87.96 ± 0.58 74.21 ± 0.58 72.97 ± 0.62

GIANT (GCN) 87.74 ± 0.85 86.30 ± 0.78 88.32 ± 0.70 87.05 ± 0.69 75.61 ± 0.67 74.25 ± 0.65
GLEM (GCN) 88.71 ± 0.61 87.51 ± 0.65 88.74 ± 0.62 88.04 ± 0.57 76.20 ± 0.44 75.20 ± 0.47
GLEM (GAT) 89.12 ± 0.54 88.04 ± 0.60 89.01 ± 0.55 88.36 ± 0.48 76.42 ± 0.52 75.43 ± 0.50
GLEM (SAGE) 88.90 ± 0.47 87.92 ± 0.51 89.30 ± 0.58 88.62 ± 0.53 76.80 ± 0.41 75.91 ± 0.43

LinguGKD (GCN) 90.50 ± 0.42 88.90 ± 0.43 88.78 ± 0.54 88.66 ± 0.57 76.15 ± 0.51 76.92 ± 0.50
LinguGKD (GAT) 90.83 ± 0.46 89.21 ± 0.50 88.93 ± 0.47 87.90 ± 0.45 77.62 ± 0.40 77.21 ± 0.39
LinguGKD (SAGE) 90.91 ± 0.43 89.17 ± 0.44 88.10 ± 0.42 88.14 ± 0.38 77.05 ± 0.39 77.89 ± 0.41
Ours (GCN) 91.91 ± 0.57 89.10 ± 0.63 90.93 ± 0.49 89.89 ± 0.55 78.84 ± 0.66 78.52 ± 0.61
Ours (GAT) 92.30 ± 0.51 89.60 ± 0.58 89.21 ± 0.42 89.04 ± 0.48 80.13 ± 0.59 78.81 ± 0.50
Ours (SAGE) 91.85 ± 0.63 88.92 ± 0.71 88.05 ± 0.44 88.78 ± 0.52 80.01 ± 0.47 78.66 ± 0.46

Table 1: Node classification Accuracy and Macro-F1 (%) on three datasets. All values are reported as mean ± std over 5 runs.

Baselines. To evaluate the performance of our proposed
framework, we compare it with a broad set of representa-
tive graph learning models. These baselines cover both clas-
sical and modern graph architectures, ranging from simple
message-passing GNNs to models enhanced by pretrained
language models. Specifically, we include GCN (Kipf
and Welling 2017), GAT(Velickovic et al. 2018), Graph-
SAGE (Hamilton, Ying, and Leskovec 2017), GIN (Xu et al.
2019), and FAGCN (Bo et al. 2021) as foundational GNN
baselines, which are widely adopted for node classification
tasks. We further include LLM-augmented frameworks such
as GIANT (Chien et al. 2023) and GLEM (Zhao et al. 2023)
(combined with GCN, GAT, and SAGE backbones), which
enhance GNNs with textual semantics via pretrained lan-
guage models. Finally, we consider recent LLM-to-GNN
distillation approaches, including LinguGKD (Hu et al.
2025)(combined with GCN, GAT, and SAGE backbones) .

Overall Performance
Table 1 presents the overall performance of all methods on
the Cora, PubMed, and ogbn-arxiv datasets. We report both
Accuracy and Macro-F1, averaged over five runs. Across
all three datasets, our proposed dual distillation framework
achieves consistent and significant improvements over clas-
sical GNNs, LLM-enhanced models, and recent LLM distil-
lation baselines. For instance, on the Cora dataset, our best
model (GAT student) reaches an accuracy of 92.30% and
Macro-F1 of 89.60%, outperforming both the best classi-
cal GNN (FAGCN: 88.32/86.93) and advanced distillation
methods such as LinguGKD (SAGE: 90.91/89.17). Similar
trends are observed on PubMed and ogbn-arxiv, where our
distilled GraphSAGE student reaches 88.05% accuracy on
PubMed and 80.01% on ogbn-arxiv, showing strong gener-
alization on both medium- and large-scale datasets.

Compared with LLM-enhanced methods such as GI-
ANT and GLEM, our method offers substantial gains while
avoiding the need for joint model training or fine-tuning
large language models. Moreover, our framework remains
architecture-agnostic, as evidenced by the consistent im-

provement across GCN, GAT, and GraphSAGE backbones.
These results validate the effectiveness of our distillation

approach in transferring both opinion and rationale-level
knowledge from LLMs into GNNs, enabling strong perfor-
mance even in supervised settings with limited training data.

Robustness Analysis
To evaluate our framework’s resilience, we conducted a ro-
bustness analysis against structural and attribute perturba-
tions, using the non-targeted DICE attack (Waniek et al.
2018) and random text replacement, respectively. The re-
sults, detailed in Table 2, unequivocally demonstrate our
model’s superior stability across all datasets and attack in-
tensities. For instance, under a 40% structural attack on
Cora, our model maintains an accuracy of 84.21% ± 0.38,
significantly outperforming all baselines. This resilience is
evident under attribute perturbation, achieving 84.90% ±
0.34 accuracy on Pubmed with 40% corruption.

The model’s exceptional robustness stems from its abil-
ity to synthesize multiple forms of knowledge, drawing
heavily on the principles of negative learning. By integrat-
ing not only positive knowledge (positive opinion and sup-
porting rationales) but also valuable negative knowledge
(e.g., counter-evidence from negative opinion and ratio-
nales), our framework builds a more comprehensive and dis-
criminative understanding. This negative knowledge explic-
itly teaches the model to recognize and reject misleading
signals, thereby strengthening its decision boundaries. This
makes the student model less reliant on any single informa-
tion source and highly resilient to attacks that degrade either
the graph’s topology or the nodes’ textual quality.

Ablation Study
We conducted an ablation study to examine the individual
contributions of five key supervision signals in our distil-
lation framework: positive knowledge, negative knowledge,
semantic rationale, structural rationale, and the combina-
tion of semantic and structural guidance—to evaluate their
individual contributions. As shown in Figure 2, we report
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Structural Perturbation Attribute Perturbation
Dataset Ptb Rate GCN GIANT GLEM Ours GCN GIANT GLEM Ours

Cora

0% 86.53 ± 0.92 87.74 ± 0.85 88.78 ± 0.46 91.91 ± 0.57 86.53 ± 0.92 87.74 ± 0.85 88.78 ± 0.46 91.91 ± 0.57
10% 81.38 ± 0.65 84.21 ± 0.53 85.92 ± 0.42 86.35 ± 0.34 82.80 ± 0.58 85.45 ± 0.48 87.25 ± 0.39 89.42 ± 0.33
20% 78.38 ± 0.70 82.42 ± 0.58 84.63 ± 0.48 85.90 ± 0.36 78.60 ± 0.67 82.10 ± 0.53 85.15 ± 0.45 87.30 ± 0.37
40% 71.62 ± 0.76 77.93 ± 0.64 80.78 ± 0.52 84.21 ± 0.38 72.30 ± 0.74 76.45 ± 0.60 80.50 ± 0.48 85.00 ± 0.35

Pubmed

0% 86.15 ± 0.87 88.32 ± 0.70 88.68 ± 0.45 90.93 ± 0.49 86.15 ± 0.87 88.32 ± 0.70 88.68 ± 0.45 90.93 ± 0.49
10% 82.86 ± 0.63 85.60 ± 0.50 87.02 ± 0.43 88.12 ± 0.33 83.25 ± 0.56 86.15 ± 0.44 87.90 ± 0.38 88.65 ± 0.32
20% 80.11 ± 0.68 83.53 ± 0.55 85.84 ± 0.47 87.75 ± 0.35 78.95 ± 0.64 83.20 ± 0.51 86.10 ± 0.43 86.95 ± 0.36
40% 76.15 ± 0.73 80.92 ± 0.61 83.67 ± 0.50 86.24 ± 0.37 73.15 ± 0.72 78.85 ± 0.57 83.30 ± 0.46 84.90 ± 0.34

ogbn-arxiv

0% 71.74 ± 0.21 75.61 ± 0.67 76.12 ± 0.42 78.84 ± 0.66 71.74 ± 0.21 75.61 ± 0.67 76.12 ± 0.42 78.84 ± 0.66
10% 64.23 ± 0.69 67.54 ± 0.53 69.90 ± 0.45 71.12 ± 0.32 67.50 ± 0.62 71.55 ± 0.50 74.00 ± 0.41 76.85 ± 0.30
20% 62.35 ± 0.72 65.83 ± 0.56 67.74 ± 0.47 69.80 ± 0.34 63.20 ± 0.66 68.20 ± 0.52 71.60 ± 0.44 74.35 ± 0.30
40% 56.44 ± 0.76 61.29 ± 0.61 64.88 ± 0.50 67.65 ± 0.36 57.90 ± 0.71 63.40 ± 0.59 67.80 ± 0.47 72.00 ± 0.33

Table 2: Robustness analysis under structural and attribute perturbations. All values are accuracy (%) reported as mean ±
standard deviation over 5 runs.

Figure 2: Performance comparisons of the new DuoKD
with its three variantson three datasets.

the classification accuracy across three datasets. The full
model consistently achieves the best performance, indicat-
ing the effectiveness of integrating all three types of guid-
ance. Notably, removing positive supervision (no pos.) leads
to the most significant performance degradation, with accu-
racy dropping by 5.8%, 5.4%, and 4.6% on Cora, PubMed,
and ogbn-arxiv respectively, highlighting its essential role in
transferring task-specific knowledge.

Removing negative supervision (no neg.) causes moderate
drops, especially on class-imbalanced datasets (e.g., ogbn-
arxiv), confirming its role in reducing overconfidence on
non-target classes. Excluding rationale supervision (no ra-
tionale, i.e., removing both semantic and structural guid-
ance, and no semantic or no structural individually) leads to
small but consistent drops, suggesting textual explanations
are useful auxiliary signals. These findings validate our uni-
fied distillation design, where diverse teacher signals jointly
improve student generalization.

Parameter Analysis
We conducted a parameter sensitivity analysis to evaluate
the impact of key hyperparameters on our model’s perfor-
mance. The investigation focused on two main areas: the
rationale evaluation parameters (α, τ ) and the loss com-
ponent weights (λ). For rationale filtering, performance is
maximized when the weighting factor α is set between 0.2

Figure 3: Parameter sensitivity analysis.

and 0.4, and the filtering threshold τ is between 0.7 and 0.9,
as shown in the heatmap. This highlights the necessity of a
well-calibrated filter to ensure the quality of distilled knowl-
edge. For the loss components, we analyzed the weights for
positive knowledge (λ1), negative knowledge (λ2), and the
supervised loss (λ3). The 3D plot reveals that performance
consistently improves as these weights increase, with opti-
mal results achieved when all weights are set to higher val-
ues (e.g., 3.0–4.0).This finding highlights that emphasizing
both positive guidance and negative counter-evidence is cru-
cial for the student model’s robustness.

Conclusion

In this paper, we introduce DuoKD, a novel dual knowl-
edge distillation framework that leverages LLMs to enhance
GNNs with discriminative and fine-grained supervision. By
jointly modeling semantically aligned positive knowledge
and semantically divergent negative knowledge, the pro-
posed method explicitly captures intra-class consistency and
inter-class separability. To ensure the reliability of trans-
ferred knowledge, we incorporate a language-based evalu-
ation mechanism to assess and filter noisy or hallucinated
signals. Subsequently, a unified distillation framework adap-
tively guides the GNN to align with high-confidence posi-
tive signals while learning to resist misleading negative cues.
Extensive experiments on multiple benchmarks demonstrate
the effectiveness and robustness of DuoKD, particularly in
scenarios involving semantic ambiguity or structural noise.
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