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Abstract

Text-attributed graphs (TAGs) couple graph topology with node-level text, but real data
often contain spurious edges, missing links, and text–structure mismatch that destabilize
learning under scarce labels. We propose CoACL (Coupled Augmentation for Contrastive
Learning), a framework that uses LLM semantic supervision to denoise structural and
textual information and alleviate data sparsity. CoACL first prunes the candidate edge
space using structural similarity and then queries an LLM to discard suspicious edges and
confirm plausible links, yielding semantically consistent positive and negative pairs. We
further introduce keyword-focused text augmentations and learn coupled representations
by optimizing a joint text–graph contrastive objective guided by semantics. Experiment
results on Cora, PubMed, and the Open Graph Benchmark Arxiv dataset (OGBN-Arxiv)
show that CoACL consistently outperforms strong baselines and yields up to 7.1% absolute
improvement in node classification accuracy, with the largest gains in low-label regimes. By
constraining LLM evaluation to similarity-based candidates, CoACL targets neighborhood-
level noise with controlled cost.

Keywords: text-attributed graphs; graph contrastive learning; large language models;
semantics-aware augmentation; noise correction

1. Introduction
Graphs are a fundamental form of structured data and arise in a wide range of

applications. In many real-world graphs, nodes are associated with textual attributes. For
example, ogbn-products from the Open Graph Benchmark (OGB) is an e-commerce product
graph in which each node represents a product and its textual description serves as the
node attribute. In graph learning, graphs equipped with node-level text are commonly
referred to as Text-Attributed Graphs (TAGs) [1]. Recent evidence also suggests that
directly applying Large Language Models (LLMs) to graph analysis remains challenging,
motivating principled integration of LLM semantics with graph learning [2].

Text-Attributed Graph Learning (TAGL), which lies at the intersection of Graph Rep-
resentation Learning (GRL) and Natural Language Processing (NLP), has been widely
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adopted in real-world applications. TAGL aims to jointly exploit graph topology and tex-
tual semantics, enabling more expressive modeling than unimodal graph-only or text-only
approaches. In social network analysis, incorporating user relations and textual content
(e.g., tweets and comments) is effective for tasks such as fake-account (bot) detection and
community detection [3]. In recommender systems, jointly modeling product descriptions
and user–item interaction graphs can alleviate data sparsity and improve recommenda-
tion quality [4,5]. In biomedical knowledge discovery, integrating scientific text with
drug–target interaction networks has facilitated drug repositioning prediction [6]. These
applications suggest that topology and semantics provide complementary signals in TAGL.

From a modeling perspective, textual attributes provide node-level semantic cues
that can be encoded by LLMs, while graph structure captures relational proximity
and homophily that can be modeled by Graph Neural Networks (GNNs) via message
passing. Beyond local propagation, recent studies also explore structural information
measures to characterize global organization and uncertainty in graphs under weak
or noisy supervision [7]. Motivated by the complementarity between semantic and
structural information, recent TAGL methods increasingly integrate LLMs and GNNs in
a co-training paradigm. However, in real-world TAGs, noisy edges and ambiguous text
can lead to misalignment between semantic and structural signals, yielding unreliable
supervision and degraded representations.

Despite substantial progress, the effectiveness of TAGL is still limited by two pervasive
challenges in real-world scenarios: noise interference and data sparsity. Existing TAGL
methods improve downstream performance via joint modeling of text and topology [8],
while topology-aware contrastive learning further treats textual and structural views as
complementary for representation learning [9]. First, many contrastive designs still un-
deruse contextualized text semantics, relying on bag-of-words signals or shallow text
encoders that are insufficient for fine-grained semantic discrimination. Second, common
structural perturbations, such as random edge masking or topology-only edits, are often
imposed without semantic constraints, undermining text–structure consistency. Third,
connectivity-driven negative sampling can misclassify semantically related nodes as nega-
tives, inducing false negatives and weakening separability, which in turn hampers stable
contrastive optimization [10,11].

To address these limitations, we propose CoACL (Coupled Augmentation for Con-
trastive Learning on Text-Attributed Graphs), an LLM-supervised coupled augmentation
framework that denoises both graph structure and node text for robust contrastive learn-
ing. Specifically, CoACL employs LLM-guided semantic supervision to assess and refine
noisy relations and to construct coupled text–structure augmentations with consistent posi-
tive/negative semantics. By aligning semantic-aware augmentations across text and graph
views, CoACL improves the robustness of representation learning under noisy structures,
ambiguous textual attributes, and sparse supervision.

Different from prior LLM-enhanced text-attributed graph methods that primarily treat
large language models as feature generators or textual encoders, CoACL leverages LLMs
as semantic validators to supervise coupled augmentation across structural and textual
views. Instead of directly injecting LLM-generated features into graph models, we use
LLM reasoning to assess the semantic plausibility of candidate relations and guide the
construction of consistent positive and negative samples. This semantic supervision enables
principled denoising and alignment between text and structure, which is fundamentally
different from existing “LLM-as-feature-enhancer” paradigms.

Our contributions are threefold: (i) We propose CoACL, a coupled augmentation
framework for contrastive learning on text-attributed graphs. (ii) We introduce LLM
semantic supervision to denoise both structural relations and textual information, enabling

https://doi.org/10.3390/electronics15040844

https://doi.org/10.3390/electronics15040844


Electronics 2026, 15, 844 3 of 22

coupled text–structure views with consistent semantics. (iii) We demonstrate that CoACL
effectively alleviates data sparsity and improves robustness under noise through extensive
experiments on three benchmark TAG datasets, achieving accuracy improvements of up to
7.1% on node classification.

2. Related Work
2.1. Text-Attributed Graph Learning Method

Graphs are a fundamental form of structured data with extensive real-world appli-
cations. In many graph-structured domains, nodes are often associated with rich textual
attributes. For instance, in e-commerce scenarios [12], each node represents a product, and
its textual description serves as the node’s attribute. Such graphs, where textual content
characterizes nodes, are known as TAGs [13].

In our experiments, we compare CoACL with a broad and representative set of
graph learning baselines. Specifically, we include topology-driven graph contrastive
learning methods such as GraphCL and bootstrapped representation learning ap-
proaches like BGRL, as well as recent text-attributed graph models, including GIANT
and PLM-based variants (LLM-plain and LLM-tune), which leverage a pre-trained lan-
guage model for enhanced text encoding. In addition, to account for early and widely
used text modeling strategies, we also consider classical statistical text representations
such as Bag-of-Words (BoW) [14], which transform raw textual node attributes into
fixed-dimensional vectors based on word occurrence statistics. Together, these methods
cover classical text-based baselines, topology-centric self-supervised learning, and mod-
ern LLM-enhanced approaches, providing a comprehensive baseline set for evaluating
the effectiveness of semantics-aware coupled augmentation.

Text–attributed graph learning lies at the intersection of graph representation learning
and natural language processing. By jointly modeling topological structures and semantic
information, it provides a new paradigm for understanding complex systems. For example,
in social network analysis, integrating user interaction graphs with textual content has
been shown effective for fake account and social bot detection under limited supervi-
sion [3,15,16]. In recommender systems, combining product descriptions with user–item
interaction graphs mitigates data sparsity [4]. In biomedical applications, integrating scien-
tific literature with drug–target networks has enabled accurate drug repurposing prediction,
achieving substantial performance gains [6].

These studies highlight the power of TAGs in leveraging the complementarity between
structural and semantic information. Textual data encode rich contextual semantics effec-
tively modeled by LLMs, while GNNs capture relational dependencies through message
passing. Recently, joint training paradigms combining LLMs and GNNs have emerged as a
dominant trend, driving significant advances in text-attributed graph learning.

2.2. Graph Contrastive Learning

Graph contrastive learning (GCL) has emerged as an effective self-supervised learn-
ing paradigm, demonstrating notable advantages in mitigating noise interference and
label scarcity in graph data. GraphCL [8] was among the first to introduce contrastive
learning concepts from the vision domain into GNNs, employing perturbation-based view
generation to perform contrastive training. This approach significantly improved the gen-
eralization capability of graph representations and laid the foundation for subsequent GCL
research, which is typically evaluated on citation network benchmarks such as Cora using
standard GNN backbones, including GCN [17], GAT [18], and GraphSAGE [19].

As research progressed, it became increasingly evident that while randomly perturbed
views enhance robustness, they may also introduce noise or disrupt the intrinsic graph
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structure, thereby degrading representation quality. Consequently, recent studies have
focused on semantic consistency-aware data augmentation strategies. For instance, Con-
GCL [20] first introduced structural consistency constraints to enforce consistency between
augmented views and preserve topological similarity to the original graph.

In addition, learning-based graph augmentation methods have gained attention,
including adversarial augmentation [21] and graph structure learning [22], which have
shown promising results in enhancing model robustness. However, these approaches
often fall short of directly augmenting the inherent textual attributes of TAGs and
primarily focus on unimodal graph structure augmentation, isolating the language
and graph models. This separation limits knowledge transfer between modalities and
hampers joint representation learning.

To overcome these limitations, recent studies have explored cross-modal contrastive
learning for TAGs, introducing LLMs to enable deeper integration of semantic reasoning
and structural information. Specifically, the team led by Hooi [1] proposed leveraging
LLMs to generate fine-grained explanatory texts, which are then used as node features for
GNNs, with cross-modal alignment optimized via contrastive learning. Similarly, LLMs
were used as a textual attribute enhancer [23], encoding both the augmented and original
attributes to serve as input features for GNNs.

However, these approaches still maintain a clear separation between textual and graph
models, restricting mutual knowledge exchange. As a result, they struggle to fully fuse
semantic and structural information. Additionally, challenges remain in optimizing the
quality of negative samples, often leading to insufficient contrast between positive and
negative pairs, which ultimately hinders learning effectiveness.

2.3. LLM Prompt Tuning

Prompt tuning has emerged as a parameter-efficient paradigm for adapting pre-
trained language models (PLMs) to downstream tasks without full fine-tuning [24].
Existing approaches can be broadly categorized into discrete prompting, which reformu-
lates tasks using manually or automatically designed natural language templates [25,26],
and continuous prompting, which represents task instructions as learnable vectors opti-
mized via backpropagation while keeping PLMs frozen [27–30]. These techniques have
shown strong performance in few-shot and low-resource settings, but they primarily
focus on input-level task adaptation and do not explicitly address representation-level
alignment or noise-robust supervision for graph-structured data. In contrast, rather
than tuning prompts, our work leverages LLMs as semantic supervisors to validate can-
didate relations and guide coupled augmentation for text-attributed graph denoising
and contrastive alignment, enabling more structured and robust representation learn-
ing. Representative prompt templates and decoding/parsing rules used for semantic
supervision are provided in Appendix A for reproducibility.

3. Methodology
Real-world TAGs often contain structural noise, attribute noise, and limited labeled

data, which jointly hinder effective TAGL. To address these challenges, we propose CoACL,
which leverages an LLM-guided coupled-augmentation mechanism to identify reliable
edges and semantically relevant links, enforce attribute–structure consistency, and enable
joint text–graph representation learning. In the following, we describe CoACL in detail.

The notations in Table 1 are consistently used throughout this section, ensuring that all
mathematical expressions in the following subsections are self-contained and unambiguous.
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Table 1. Notation summary.

Notation Definition

Sn, S+
n , S−

n Textual embeddings of node vn in the original, positive, and
negative views.

Gn, G+
n , G−

n Graph embeddings of node vn in the original, positive, and
negative views.

f (g)
cls Classification heads for graph modality.

ϕ(a, b) Cosine similarity between vectors a and b, i.e., ϕ(a, b) = a⊤b
∥a∥∥b∥ .

τ Temperature coefficient controlling contrastive sharpness.
B Mini-batch of nodes used for contrastive learning.
N, C Number of nodes and number of classes.
λ, γ Weighting factors for text and graph coupling losses.
LT ,LG Total text-side and graph-side loss functions.
Lpos,Lneg Positive and negative contrastive loss terms.

3.1. CoACL Model

The CoACL model contains three core modules: noise correction module, text–
structure coupled augmentation module, and joint contrastive learning. The overall
architecture is shown in Figure 1. First, the noise correction module utilizes LLMs to
evaluate the semantic relevance of node pairs in the graph structure, mining the potential
connections and pruning redundant edges to improve the quality of the graph structure.
Second, the coupled augmentation module fuses the embedding representations of dif-
ferent candidate node sets under semantic constraints, constructs high-quality positive
and negative samples, emphasizes the coupling interaction between textual attribute and
graph structure, and mitigates the semantic drift in structure perturbation. Finally, the joint
contrastive learning module minimizes the positive inner-sample distance and maximizes
the negative inner-sample through contrastive learning, realizes seamless cross-modal
contrastive learning, and outputs node classification prediction results. Overall, the CoACL
model significantly improves the learning performance of TAGs in complex scenarios from
three aspects: text augmentation, structure optimization, and negative sample construction.

3.2. Description of the CoACL Architecture
3.2.1. Noise Correction Based on Large Language Models

Real-world TAGs often contain spurious edges and missing links. Using structure
alone is unreliable, while directly scoring all node pairs with an LLM is prohibitively
expensive. We therefore first narrow the candidate space via structural similarity and then
let an LLM validate ambiguous relations with textual evidence.

We compute a structure-based representation for each node and the cosine similarity
between nodes in Equation (1):

hn = DeepWalk(n),

ϕ(hn, hm) =
hn · hm

∥hn∥ ∥hm∥
.

(1)

where hn is the structural embedding of node n and ϕ(hn, hm) measures structural similarity
between nodes n and m.

Let N nei
n and N non

n denote the neighbor and non-neighbor sets of node n, respectively.
Based on connectivity and the similarity score ϕ(·, ·), we construct four non-overlapping
candidate sets in Equation (2):
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N pos
n = SelectTopKm∈N nei

n
(ϕ(n, m), K, descending)

N spu
n = SelectTopKm∈N nei

n
(ϕ(n, m), K, ascending)

N ver
n = SelectTopKm∈N non

n
(ϕ(n, m), K, descending)

N neg
n = SelectTopKm∈N non

n
(ϕ(n, m), K, ascending)

(2)

where SelectTopK(·) returns the top-K nodes under the specified order, and ties in ϕ

are broken deterministically (e.g., by node IDs) to ensure a unique partition. This con-
struction yields four candidate sets: N pos

n (reliable neighbors), N neg
n (easy negatives),

N spu
n (suspicious edges), and N ver

n (potential missing links). Notably, N ver
n forms a hard-

negative/missing-link candidate pool and is later disambiguated by the LLM.

Figure 1. Overall architecture of Coupled Augmentation for Contrastive Learning (CoACL).

We choose the candidate size K subject to the feasibility constraint in Equation (3):

K ∈ Z+, 1 ≤ K ≤ min
(
|N nei

n |
2

,
|N non

n |
2

)
(3)

where | · | denotes set cardinality. In practice, we clip K to the maximum allowable value
when necessary.

The sets N spu
n and N ver

n exhibit a conflict between connectivity and structural similar-
ity, so we further judge them using textual semantics. Given a prompt constructor P(n,X )

that packs the text of node n and candidates X into a fixed template, the LLM returns a
binary decision for each candidate. We formalize this semantic partition in Equation (4):

Ψ(n,X ) = {m ∈ X | [FLLM(P(n,X ))]m = 1}
Ψ̄(n,X ) = {m ∈ X | [FLLM(P(n,X ))]m = 0}

(4)

where FLLM(P(n,X )) ∈ {0, 1}|X | returns a binary decision for each candidate in X , and
[·]m denotes the entry corresponding to candidate m.
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Using these mapping operators, we refine ambiguous candidates into two interpretable
sets in Equation (5):

N rel
n = Ψ(n,N spu

n ) ∪ Ψ(n,N ver
n )

N irr
n = Ψ̄(n,N spu

n ) ∪ Ψ̄(n,N ver
n )

(5)

where N rel
n denotes semantically relevant candidates (kept/added as positives) and N irr

n
denotes semantically irrelevant candidates (treated as negatives).

We finally treat N pos
n ∪N rel

n as positive candidates and N neg
n ∪N irr

n as negative candi-
dates for subsequent coupled contrastive learning. For directed graphs, semantic evaluation
is performed in a node-conditional manner without enforcing symmetry between (n, m)

and (m, n). For undirected graphs, the semantic decision is shared by both directions.

3.2.2. Text–Structure Coupling Enhancements

We next construct coupled text–structure views to support contrastive learning. Specif-
ically, we build text and structure augmentations that share consistent positive/negative
semantics, using the refined candidate sets N pos

n , N neg
n , N rel

n , and N irr
n .

Text Branch

For node n, we augment its textual attributes by sampling keywords from its own text
and from semantically consistent nodes. We construct the positive and negative textual
views in Equation (6):

V+
n = {t1, t2, . . . , tk}
ti ∈

⋃
m∈N (0)

n ∪N pos
n ∪N rel

n

TopDt∈Tm
(TF-IDF(t, Tm))

V−
n = {t1, t2, . . . , tk}
ti ∈

⋃
m∈N neg

n ∪N irr
n

TopDt∈Tm
(TF-IDF(t, Tm))

(6)

where Tm denotes the description text of node m, TopD(·) returns the top-D terms ranked
by TF-IDF score, k is the number of sampled keywords, and N (0)

n denotes the root node
itself. Here, N pos

n , N rel
n , N neg

n , and N irr
n are node-conditional candidate sets representing

semantically equivalent, semantically related, hard negative, and semantically irrelevant
nodes with respect to n, respectively, and are constructed in an asymmetric manner. The
positive view V+

n draws keywords from semantically consistent nodes, while the negative
view V−

n samples from hard negatives and irrelevant candidates.

Structure Branch

Analogously, we construct coupled structural positives and negatives by reusing the
same semantics in Equation (7):

N+
n = N pos

n ∪N rel
n

N−
n = N neg

n ∪N irr
n

(7)

This definition treats semantically consistent candidates as structural positives and se-
mantically inconsistent candidates as negatives, thereby aligning textual semantics with
graph connectivity and providing consistent positives/negatives for the subsequent
contrastive objectives.
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3.2.3. Joint Contrastive Learning

Conventional TAG contrastive methods often optimize text and graph encoders in-
dependently. CoACL jointly optimizes both branches with coupled objectives, where the
text-side and graph-side objectives are defined in Equation (8):

LT = Loriginal
T + λLcouple

T

LG = Loriginal
G + γLcouple

G

(8)

where Loriginal
T and Loriginal

G are supervised classification losses, Lcouple
T and Lcouple

G are
coupled contrastive losses for the text and graph branches, and λ and γ are trade-off
coefficients. These objectives combine supervised learning and coupled contrastive learning
to improve robustness under noise and limited labels.

We decompose the coupled losses into positive and negative terms in Equation (9):

Lcouple
T = Lpos

T + Lneg
T

Lcouple
G = Lpos

G + Lneg
G

(9)

where Lpos is an InfoNCE-style term that aligns the original view with the positive aug-
mented view using in-batch negatives, while Lneg explicitly penalizes similarity to the
negative augmented view. This shared decomposition is used in both branches.

Text Branch

Given the original and keyword-based augmented textual views, we obtain text em-
beddings Sn = f (t)enc(Vn), S+

n = f (t)enc(V+
n ), and S−

n = f (t)enc(V−
n ). The supervised classification

loss is defined in Equation (10):

Loriginal
T = − 1

N

N

∑
n=1

C

∑
c=1

yn,c log ŷ(t)n,c (10)

where ŷ(t)
n = f (t)clf (Sn) ∈ RC is the class-probability prediction of node n in the text branch,

ŷ(t)n,c is its c-th entry, yn,c ∈ {0, 1} is the one-hot ground-truth label, N is the number of
labeled nodes, and C is the number of classes.

The positive and negative text contrastive terms are defined in Equation (11):

Lpos
T = − 1

|B| ∑
n∈B

log
exp

(
ϕ(Sn, S+

n )/τ
)

∑k∈B exp
(
ϕ(Sn, S+

k )/τ
)

Lneg
T =

1
|B| ∑

n∈B
ϕ(Sn, S−

n )

(11)

where B is the mini-batch of nodes, ϕ(·, ·) is cosine similarity, and τ is the temperature
hyperparameter. Note that Lpos

T is an InfoNCE-style term that uses in-batch samples as
negatives via the denominator, while Lneg

T explicitly pushes the representation away from
the negative augmented view. Together, these losses encourage consistent positives and
informative negatives in the text branch.

Graph Branch

Similarly, the supervised classification loss in the graph branch is defined in
Equation (12):

Loriginal
G = − 1

N

N

∑
n=1

C

∑
c=1

yn,c log ŷ(g)
n,c (12)
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The prediction vector and the positive/negative graph contrastive terms are defined
in Equation (13):

ŷ(g)
n = f (g)

cls (G
(L)
n ) ∈ RC

Lpos
G = − 1

|B| ∑
n∈B

log
exp

(
ϕ(G(L)

n , (G+
n )

(L))/τ
)

∑k∈B exp
(

ϕ(G(L)
n , (G+

k )
(L))/τ

)
Lneg
G =

1
|B| ∑

n∈B
ϕ(G(L)

n , (G−
n )

(L))

(13)

Our negative semantic term is designed as a lightweight cosine-similarity penalty
that operates in the same normalized embedding space as InfoNCE, thus remaining fully
consistent with the similarity measure used for contrastive alignment. Unlike margin-based
contrastive or triplet losses, which typically introduce an additional margin hyperparameter
and rely on explicit triplet construction/mining (often sensitive to sampling and batch
composition), this formulation directly discourages undesired semantic alignment by
suppressing high cosine similarity for negative semantic pairs. In practice, it complements
InfoNCE by providing an explicit “push-away” signal for semantically irrelevant pairs
without complicating optimization or requiring careful margin tuning.

In the above equation, G(L)
n is the final-layer GNN representation of node n, ŷ(g)

n is the
graph-branch prediction vector, and ŷ(g)

n,c is its c-th entry. The other symbols (B, ϕ(·, ·), τ, N,
C, and yn,c) follow the same definitions as in the text branch.

Jointly minimizing the text and graph objectives encourages consistent positives
and informative negatives across modalities, thereby improving robustness under noisy
structures and limited supervision.

3.3. Description of the CoACL Algorithm Process

The workflow of the proposed CoACL is presented in Algorithm 1.

Algorithm 1 TAG contrastive learning algorithm based on coupling enhancement
Input:
• G = (N , E , A, T ): Text-attributed graphs
• n: Any node
• K: Candidate set size
• {yi}N

i=1: Label set
• T: Training rounds
• B: The batch size of training data
• τ: Temperature coefficient
• γ, λ: Coupling loss weights
Output: Predicted node labels and test accuracy (ACC)

1: Initialize text model and graph model parameters
2: Precompute and cache semantic partitions using the LLM
3: for each node n ∈ V do
4: Divide adjacency set N nei

n and non-adjacent set N non
n

5: Calculate node embedding hn by Equation (1)
6: Compute cosine similarity ϕ(n, m) by Equation (1)
7: Construct four candidate sets:
8: Strong association sets N pos

n
9: Suspicious association set N spu

n

https://doi.org/10.3390/electronics15040844
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Algorithm 1 Cont.

10: Potential association sets N ver
n

11: Weak association sets N neg
n

12: Create prompt constructor P(n,N spu
n ) and P(n,N ver

n ) using LLM
13: Distinguish N rel

n and N irr
n by Equations (4) and (5)

14: end for
15: while early stopping condition is not met and epoch ≤ T do
16: for each mini-batch B ⊆ Vtrain do
17: for each node n ∈ B do
18: for each node n ∈ V do
19: Generate positive/negative samples V+

n and V−
n by Equation (6)

20: Calculate text embeddings:
21: Sn = fcls(Vn), S+

n = fcls(V+
n ), S−

n = fcls(V−
n )

22: Calculate graph embeddings: Gn, G+
n , G−

n
23: end for
24: Compute LT and LG by Equation (8)
25: Update model parameters based on LT and LG
26: Perform early stop judgment
27: end for
28: end for
29: Evaluate on validation set
30: end while
31: Evaluate the trained model on Vtest and report ACC by Equation (14)

4. Experiments
4.1. Experimental Setup

All methods are implemented in Python3.10 using PyTorch, along with standard NLP
and GNN toolchains. We run all experiments on a server equipped with NVIDIA A100
GPUs (80 GB each) × 2, an AMD EPYC 7642 48-Core CPU, and 512 GB RAM, running
Ubuntu 20.04 LTS, as summarized in Table 2. Unless otherwise specified, we use the default
hyperparameter settings of each baseline and report the average performance over multiple
runs with different random seeds.

Table 2. Hardware and software environment (CPU: central processing unit; GPU: graphics process-
ing unit; RAM: random-access memory; OS: operating system; LTS: long-term support).

Item Specification

CPU AMD EPYC 7642 48-Core Processor
GPU NVIDIA A100 (80 GB each) × 2
RAM 512 GB
OS Ubuntu 20.04 LTS (Linux)
Disk 20 TB
Python 3.10
PyTorch 2.12.0

4.1.1. Implementation Details

Unless otherwise specified, we repeat each experiment three times with different
random seeds and report the mean ± standard deviation over the three runs. The max-
imum number of training epochs is set to 100 with early stopping based on validation
accuracy. We optimize all models using Adam with a learning rate of 1 × 10−3 and a
mini-batch size of 32. For hyperparameter selection, we search the candidate set size K in
{2, 6, 8, 10, 20, 40, 60, 80, 100}, and the coupling loss weights λ and γ in {0, 0.5, 1, 1.5, 2}. For
the LLM-based semantic evaluation in the noise-correction module, we use ChatGLM-130B.
For LLM-based baselines, we initialize the encoder with bert-base-uncased.
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To ensure fair comparison, all baseline methods and CoACL are trained and eval-
uated using exactly the same preprocessed node texts. No baseline is provided with
additional textual information or alternative preprocessing beyond the standardized
pipeline described above.

4.1.2. Datasets

To comprehensively evaluate the effectiveness of CoACL, we conduct node classifica-
tion on three real-world text-attributed graph datasets: Cora [31], OGBN-Arxiv [12], and
PubMed [31]. For all datasets, we apply a unified text preprocessing pipeline to ensure
consistency and fairness across methods. The pipeline includes lowercasing, removal of non-
informative symbols, normalization of whitespace, and truncation to a fixed maximum length.
To ensure fair comparison, all baseline methods and CoACL are trained and evaluated using
exactly the same preprocessed node texts. No baseline is provided with additional textual
information or alternative preprocessing beyond the standardized pipeline described above.
The main statistics of the processed datasets are summarized in Table 3.

• Cora Dataset: This dataset is a widely used citation network in the field of machine
learning, originally provided by Repositories Group. It contains 2708 scientific papers,
each represented by a 1433-dimensional binary word vector indicating the presence or
absence of specific terms in a vocabulary. Citation relationships between papers form
5429 edges, creating a citation graph where papers are classified into seven categories.
For the Cora dataset, additional cleaning is required because the original node text
contains incomplete keyword lists and occasional formatting artifacts. Specifically, we
remove duplicated keywords, filter malformed tokens, and complete missing textual
fields when possible using the dataset-provided metadata. After preprocessing, all
node texts are standardized into the same text-attributed graph format.

• OGBN-Arxiv Dataset: This dataset constructs a directed graph representing citation
relationships among arXiv papers. Each paper is manually labeled by arXiv authors
and moderators with one of 40 categories selected from diverse academic fields such
as computer science, mathematics, and physics, reflecting significant interdisciplinary
characteristics. To ensure the scientific rigor and reproducibility of the experiments,
we strictly followed the official dataset split rules to maintain standardization and
consistency during data processing.

• PubMed Dataset: This dataset is constructed from the PubMed database and consists
of 19,717 nodes and 44,338 edges, forming a citation network that reflects relationships
among biomedical papers. Each node represents a scientific paper related to diabetes
and is characterized by a 500-dimensional TF-IDF weighted word frequency vector.
The dataset is divided into three categories, corresponding to different research di-
rections on diabetes. To ensure data quality and experimental reproducibility, Our
framework adhered to the dataset split rules established in prior works.

Table 3. Dataset Details.

Dataset # Nodes # Edges # Classes Train/Val/Test (%)

Cora 2708 5429 7 60/20/20
OGBN-Arxiv 169,343 1,166,243 40 54/18/28
PubMed 19,717 44,338 3 80/10/10

4.1.3. Baselines

We evaluate combinations of text encoders and GNN backbones for node classifica-
tion on TAGs. The text encoder is chosen from shallow embeddings (SE; e.g., Bag-of-
Words (BoW)) [14], a frozen language model (LLM-plain), a fine-tuned language model

https://doi.org/10.3390/electronics15040844

https://doi.org/10.3390/electronics15040844


Electronics 2026, 15, 844 12 of 22

(LLM-tune), and GIANT, a recently proposed TAG learning baseline that enhances
node representations with external textual signals. The GNN backbone is selected from
Graph Convolutional Network (GCN) [17], Graph Attention Network (GAT) [18], and
GraphSAGE (SAGE) [19]. For CoACL, we use ChatGLM-130B to provide LLM-based
semantic supervision in the augmentation modules. For baselines that require dense
text embeddings (e.g., LLM-plain and LLM-tune), we use BERT-base-uncased [32,33] to
obtain initial text representations.

• BoW: Bag-of-Words features as sparse shallow text embeddings (SE).
• GCN: A standard message-passing backbone with neighborhood aggregation.
• GAT: A message-passing backbone with attention-based neighbor weighting.
• SAGE: An inductive backbone with sampling-based neighborhood aggregation

for scalability.

4.1.4. Evaluation Method

We evaluate node classification on TAGs using accuracy (ACC). Given a standard split
of nodes into Vtrain, Vval, and Vtest, we report ACC on Vtest, defined in Equation (14):

ACC =
1

|Vtest| ∑
i∈Vtest

I(yi = ŷi) (14)

where |Vtest| is the number of test nodes, yi is the ground-truth label of node i, ŷi is the
predicted label, and I(·) is an indicator function that equals 1 if the statement is true and 0
otherwise. ACC directly measures the fraction of correctly predicted labels and is used as
the primary metric in our experiments.

4.2. Performance Evaluation

To validate the effectiveness of CoACL, we conducted extensive comparative experi-
ments against a variety of baselines using node-classification ACC. Tables 4–6 report the
results on three datasets under labeling ratios of 1%, 5%, and 10%. In these tables, Gain
denotes the absolute ACC improvement of CoACL over the strongest baseline under each
labeling ratio.

Table 4. Comparison of node-classification ACC on the OGBN-Arxiv dataset under different
labeling ratios.

Embedding Methods
OGBN-Arxiv

1% 5% 10%

SE
GCN 41.4 ± 0.03 44.7 ± 0.13 56.3 ± 0.05
GAT 40.4 ± 0.09 43.5 ± 0.07 55.7 ± 0.03
SAGE 34.6 ± 0.08 41.7 ± 0.08 53.8 ± 0.09

LLM-plain
GCN 47.4 ± 0.07 49.3 ± 0.10 60.3 ± 0.09
GAT 46.9 ± 0.15 52.3 ± 0.06 65.5 ± 0.10
SAGE 46.2 ± 0.11 47.8 ± 0.08 63.4 ± 0.06

LLM-tune
GCN 53.2 ± 0.14 54.6 ± 0.19 65.2 ± 0.14
GAT 49.6 ± 0.12 53.5 ± 0.18 66.3 ± 0.12
SAGE 51.4 ± 0.15 56.6 ± 0.16 68.9 ± 0.10

GIANT
GCN 45.9 ± 0.07 53.5 ± 0.08 65.9 ± 0.07
GAT 41.8 ± 0.08 51.1 ± 0.02 67.7 ± 0.07
SAGE 48.4 ± 0.03 54.8 ± 0.04 67.2 ± 0.09

CoACL (Ours) 57.8 ± 0.16 63.7 ± 0.08 72.7 ± 0.05

Gain 4.6 7.1 3.8
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Table 5. Comparison of node-classification ACC on the PubMed dataset under different labeling ratios.

Embedding Methods
PubMed

1% 5% 10%

SE
GCN 36.8 ± 0.08 47.1 ± 0.16 59.6 ± 0.10
GAT 44.1 ± 0.04 47.2 ± 0.15 59.9 ± 0.12
SAGE 44.1 ± 0.04 51.6 ± 0.07 54.4 ± 0.06

LLM-plain
GCN 43.3 ± 0.05 55.4 ± 0.09 60.7 ± 0.13
GAT 45.0 ± 0.07 61.8 ± 0.11 65.7 ± 0.15
SAGE 43.9 ± 0.13 59.8 ± 0.11 62.6 ± 0.13

LLM-tune
GCN 48.3 ± 0.10 62.4 ± 0.11 72.4 ± 0.13
GAT 46.2 ± 0.08 62.8 ± 0.05 69.1 ± 0.11
SAGE 45.9 ± 0.10 63.1 ± 0.09 73.4 ± 0.14

GIANT
GCN 41.9 ± 0.5 59.2 ± 1.0 72.5 ± 1.0
GAT 44.8 ± 0.2 61.0 ± 0.9 72.7 ± 1.1
SAGE 45.0 ± 0.1 61.5 ± 0.9 72.8 ± 1.2

CoACL (Ours) 51.4 ± 0.2 69.8 ± 0.9 77.6 ± 0.3

Gain 3.1 6.7 4.2

Table 6. Comparison of node-classification accuracy ACC on the Cora dataset under different
labeling ratios.

Embedding Methods
Cora

1% 5% 10%

SE
GCN 64.5 ± 0.05 71.0 ± 0.10 73.3 ± 0.06
GAT 59.0 ± 0.05 63.5 ± 0.08 67.0 ± 0.04
SAGE 57.0 ± 0.09 65.0 ± 0.06 70.7 ± 0.06

LLM-plain
GCN 69.9 ± 0.03 75.2 ± 0.10 76.3 ± 0.12
GAT 69.0 ± 0.08 75.7 ± 0.08 73.5 ± 0.06
SAGE 63.6 ± 0.09 70.7 ± 0.12 73.3 ± 0.15

LLM-tune
GCN 74.4 ± 0.08 78.4 ± 0.06 83.8 ± 0.08
GAT 71.0 ± 0.24 76.9 ± 0.16 79.8 ± 0.18
SAGE 73.1 ± 0.19 77.6 ± 0.11 80.5 ± 0.15

GIANT
GCN 67.2 ± 0.03 77.2 ± 0.03 79.4 ± 0.07
GAT 66.4 ± 0.04 76.4 ± 0.09 79.3 ± 0.08
SAGE 66.1 ± 0.07 76.2 ± 0.09 78.8 ± 0.07

CoACL (Ours) 78.2 ± 0.17 84.7 ± 0.12 86.2 ± 0.08

Gain 3.8 6.3 2.4

Taken together, these results show that CoACL consistently outperforms the baselines
across datasets and labeling ratios. Compared with the strongest baseline in each setting,
CoACL improves node classification accuracy by roughly 3–8%, with the largest gains
appearing under noisier or lower-label regimes. These results suggest that jointly con-
trasting text and structure, together with semantics-aware augmentation, better captures
complementary information in TAGs and improves robustness to noise.

CoACL is also robust in low-label regimes. On Cora, when the labeling ratio decreases
from 10% to 1%, CoACL drops from 86.2 to 78.2, while the strongest baseline (LLM-tune with
GCN) decreases from 83.8 to 74.4; CoACL therefore preserves a 3.8-point advantage under 1%
labels. Similar robustness is observed on PubMed and OGBN-Arxiv, where CoACL improves
the best baseline by 3.1 and 4.6 points under 1% labeling, respectively. This robustness stems
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from the coupled augmentation strategy, which strengthens view consistency and reduces the
impact of noisy neighborhoods during contrastive optimization.

4.3. Ablation Study

The CoACL model consists of three core components: noise correction, node attribute
augmentation and graph structure augmentation based on the LLM. In order to deeply
analyze the impact of each component on the model performance and comprehensively
reveal the working principle of the model, a series of meticulous ablation experiments are
carried out in our method. All ablation experiments are conducted using the same prepro-
cessed text as in the main experiments, ensuring that observed performance differences are
caused by architectural or objective-function changes rather than text quality variations.

All ablation experiments are conducted using the same preprocessed text as in the main
experiments, ensuring that observed performance differences are caused by architectural
or objective-function changes rather than text quality variations.

4.3.1. Effect of LLM-Based Noise Correction

The results of the ablation experiment to assess the effectiveness of the noise correction
mechanism based on the LLM for TAGL are shown in Figure 2.

Figure 2. Effectiveness of CoACL noise correction mechanism based on large language model on
three datasets.

In all three datasets, with the increase in the proportion of labeled data, the classifi-
cation accuracies of both methods show a rising trend, but the CoACL method always
outperforms the method that only uses the first-order neighbors (1-hop neighbors), which
fully verifies the effectiveness of the noise correction mechanism based on the LLM. Specifi-
cally, in the Arxiv dataset, the classification accuracy of the CoACL method is improved by
about 4 to 7 percentage points compared with that of the 1-hop neighbors method, while in
the PubMed dataset, although the overall improvement is relatively small, it still reaches 2
to 4 percentage points, which indicates that the noise-correction mechanism has a positive
impact on the performance of the model. Notably, in the Cora dataset, the CoACL method
demonstrates the most significant improvement in accuracy, with an overall improvement
of 6–12 percentage points, which further highlights its advantage in the high-noise envi-
ronment. This phenomenon also reflects the differences in noise levels among the three
datasets, and it is speculated that the Cora dataset may have unintentionally introduced
more noise during preprocessing due to information supplementation, while the PubMed
dataset is the dataset with the least noise impact.

In summary, the LLM-based noise correction module improves robustness, especially
under higher noise levels, by filtering unreliable connections and enriching semantically
consistent associations. This strengthens the quality of augmented views and supports
effective representation learning for TAGs.
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4.3.2. Effect of Coupled Augmentation on Textual Attributes

The results of the ablation experiments evaluating the effectiveness of the coupled-
augmentation based contrastive learning mechanism in improving the quality of text rep-
resentation are shown in Figure 3. CoACL consistently outperforms other text embedding
approaches in representing node attributes. This gain is mainly attributed to the coupled
augmentation module, which aligns textual semantics with graph structural signals.

Figure 3. CoACL text learning effectiveness on three datasets.

From the results, it can be seen that CoACL’s text learning ability is stronger than
other methods in all datasets and labeling ratios, and this performance lead is not purely
dependent on more complex model stacking, but rather stems from the optimization of the
text representation learning process by the proposed text–structure coupled augmentation
module. In addition, a cross-sectional observation of the experimental results also reveals
that: the conventional BoW representation performs the worst in all datasets and annotation
rates, indicating that the bag-of-words model, which lacks the ability of contextual model-
ing, can hardly meet the demand of semantic expression of graph structures; LLM-plain
and LLM-tune, although they introduce a LLM, still suffer from insufficient generalization
without considering the semantic consistency of graph structures; GIANT fuses graph and
text, but its bias towards local structures affects the modeling of global semantics.

Collectively, CoACL’s coupled augmentation mechanism better bridges semantics and
structure, yielding higher-quality representations in complex and noisy graph settings.

4.3.3. Effect of Coupled Augmentation on Graph Structure

The ablation results are reported in Table 7. They quantify how the coupled augmen-
tation objective contributes to learning on text-attributed graph structures. We compare
CoACL with Graph Contrastive Learning (GraphCL) and Bootstrapped Graph Representa-
tion Learning (BGRL).

Table 7. CoACL structure learning effectiveness on three datasets

Datasets GraphCL BGRL CoACL Gain

OGBN-Arxiv
1% 47.5 ± 0.05 53.9 ± 0.07 57.8 ± 0.06 3.9
5% 51.0 ± 0.09 54.3 ± 0.08 63.7 ± 0.08 9.4

10% 63.1 ± 0.08 65.0 ± 0.08 72.7 ± 0.05 7.7

PubMed
1% 44.8 ± 0.03 46.9 ± 0.16 51.4 ± 0.12 4.5
5% 62.5 ± 0.05 63.6 ± 0.04 69.8 ± 0.09 6.2

10% 71.4 ± 0.04 73.7 ± 0.07 77.6 ± 0.03 3.9

Cora
1% 68.5 ± 0.02 70.3 ± 0.03 78.2 ± 0.07 7.9
5% 75.4 ± 0.05 76.1 ± 0.03 84.7 ± 0.12 8.6

10% 80.4 ± 0.04 81.0 ± 0.03 86.2 ± 0.08 5.2

The results show that CoACL achieves the best performance, highlighting the benefit
of semantics-aware, coupled augmentation for representation learning on TAGs. CoACL’s
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advantage is particularly pronounced at low labeling rates, suggesting that the coupling
mechanism makes better use of limited supervision to extract more discriminative struc-
tural signals. Conventional graph contrastive learning methods typically rely on generic
augmentations (e.g., node dropping, edge perturbation, and subgraph sampling), which
can distort graph semantics and introduce representation bias. By contrast, CoACL uses
LLM-guided semantic evidence to refine candidate relations, leading to more stable and
informative message propagation.

4.3.4. Effect of Negative Semantic Penalty

To further examine the contribution of the proposed negative semantic penalty, we
conduct an ablation study at the objective level by comparing two training variants:
(1) CoACL trained with the standard InfoNCE loss only, and (2) CoACL trained with
InfoNCE augmented by the proposed cosine-similarity-based penalty for negative se-
mantic pairs. All other components, including LLM-based noise correction and coupled
augmentations, are kept identical.

This comparison aims to isolate the effect of explicitly penalizing semantically negative
pairs beyond the implicit negative competition in InfoNCE. The results on three datasets
under different labeling ratios are summarized in Table 8.

Table 8. Effect of negative semantic penalty on three datasets.

Dataset Label Ratio InfoNCE Only InfoNCE + NegPenalty Gain

OGBN-Arxiv 1% 54.6 ± 0.08 57.8 ± 0.06 3.2
5% 60.8 ± 0.10 63.7 ± 0.08 2.9

10% 70.4 ± 0.07 72.7 ± 0.05 2.3

PubMed 1% 47.8 ± 0.15 51.4 ± 0.12 3.6
5% 66.1 ± 0.11 69.8 ± 0.09 3.7

10% 74.5 ± 0.06 77.6 ± 0.03 3.1

Cora 1% 73.9 ± 0.09 78.2 ± 0.07 4.3
5% 80.9 ± 0.14 84.7 ± 0.12 3.8

10% 82.7 ± 0.10 86.2 ± 0.08 3.5

4.4. Parameter Sensitivity

Three key parameters in the CoACL model: the length of the augmented candidate set
K for the noise correction module based on the LLM, and the coupled loss weights λ and γ

for the text and graph models in joint contrastive learning. In order to analyze in depth
the extent to which each of the parameters affects the performance of the model, further
experimental validation of its important parameters is carried out in our method.

In Figure 4, we report how the candidate-set size K affects training efficiency and
CoACL performance. As K increases, accuracy improves rapidly at first and then saturates.
For example, accuracy is 49.2% at K = 2 and peaks at 72.7% around K = 10 (a + 23.5%
gain). Small K provides insufficient structural context, limiting representation learning and
reducing the effectiveness of LLM-based correction. Increasing K supplies richer candidates
and helps the LLM identify semantically consistent relations, but overly large K yields
diminishing returns because the added candidates become less informative.

Training time also increases with K. As the candidate set grows, the noise-correction
module must score many more node pairs with the LLM, substantially increasing com-
putational overhead. In practice, K ≈ 10 offers a good trade-off: it achieves near-optimal
accuracy while keeping training cost within a reasonable range. We therefore set K = 10 in
the LLM-based noise-correction module.
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Figure 4. Effect of parameter K on CoACL performance and training efficiency on Arxiv 10%.

For the coupling-loss weights λ and γ, we evaluate different hyperparameter combi-
nations on Cora with a 10% labeling rate. Figure 5 shows that setting λ = γ = 0 yields
the lowest accuracy, confirming the importance of both coupling components. The best
performance is achieved around λ = 1.5 (text weight) and γ = 1 (graph weight). Moreover,
the presence of a broad high-performing region indicates that CoACL is not overly sensitive
to moderate changes in these hyperparameters.

Figure 5. Effect of coupling loss weights on Cora 10 % γ and λ on CoACL performance and
training efficiency.

4.5. Limitations and Practical Guidance

LLM-based semantic supervision is most beneficial when the graph structure is noisy
(e.g., spurious edges/missing links), textual attributes are ambiguous, or labeled data are
scarce, where semantic reasoning can help correct false relations and reduce false negatives.

In contrast, for relatively clean graphs with strong homophily and sufficient supervi-
sion, simpler structural or contrastive approaches may already yield competitive perfor-
mance, and LLM supervision can be optional.
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We also acknowledge several practical limitations: (i) potential privacy concerns when
querying external LLM services with sensitive node texts, (ii) performance degradation
under domain shifts (when text/style differs from the LLM’s training distribution), and
(iii) occasional semantic errors introduced by imperfect LLM judgments.

In practice, these issues can be mitigated by caching LLM outputs (offline preprocess-
ing), restricting semantic evaluation to candidate subsets, and adopting smaller or local
language models for privacy-sensitive or large-scale deployments; for high-stakes settings,
lightweight human auditing can further improve reliability.

5. Conclusions
We propose CoACL, an LLM-supervised coupled augmentation framework for con-

trastive learning on text-attributed graphs. CoACL (i) narrows candidate relations via
structural similarity and uses an LLM to validate suspicious edges and potential links,
(ii) constructs keyword-focused text augmentations and aligned structural views with
consistent semantics, and (iii) jointly optimizes text and graph encoders with coupled
contrastive objectives. Experiments on Cora, PubMed, and OGBN-Arxiv show consis-
tent improvements over strong baselines, achieving up to a 7.1% absolute gain in node-
classification accuracy, especially in low-label settings. Future work will focus on further
reducing the cost of semantic supervision and extending the coupled denoising and aug-
mentation strategy to larger and more complex graphs.
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Appendix A. Prompt Construction and Semantic Decision Process
with LLMs

This appendix provides additional details on the prompt construction and large
language model (LLM) decision process used in this work. A representative example based
on the Cora dataset is presented to improve interpretability and reproducibility, together
with a discussion of inference settings and output consistency.
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Appendix A.1. Prompt Construction Example

For a target node n, its textual attributes are constructed by concatenating the paper
title and abstract. Let

X ∈ {N spu
n ,N ver

n }

denote a candidate node set, where each candidate node is represented by its corresponding
textual attributes. A fixed prompt template is adopted to define the prompt construction
function P(n,X ).

A representative example of the prompt used in our experiments is shown below.

Example Prompt:

Given a target paper node with the following textual description:

Target node: “Probabilistic methods for information retrieval based on Bayesian
inference.”

Candidate paper nodes:

1. “A Bayesian framework for text classification and retrieval.”
2. “Neural network approaches to handwritten digit recognition.”
3. “Graph-based semi-supervised learning methods.”

Please identify which candidate papers are most semantically related to the
target paper in terms of research topic and content, and return the indices of
the relevant nodes.

Based on the constructed prompt, the LLM performs holistic semantic analysis over
the candidate set. The output of the LLM is then used to distinguish semantically relevant
neighbors from noisy connections.

Appendix A.2. Deterministic Inference Settings

To ensure stable and reproducible outputs, all experiments are conducted using a fixed
prompt template and deterministic decoding settings. Specifically, the temperature is set
to 0 and top-k to 1, thereby enforcing deterministic inference. Under this configuration,
repeated runs with identical inputs produce consistent outputs.

The same LLM checkpoint and inference configuration are used across all experiments
to minimize additional sources of variability.

Appendix A.3. Handling Noisy and Inconsistent Outputs

LLMs may occasionally produce ambiguous or uncertain judgments in complex se-
mantic reasoning tasks. To mitigate the impact of such behavior, a conservative filtering
strategy is adopted. When the LLM output fails to clearly distinguish semantic relevance
or exhibits insufficient confidence, the corresponding candidate edge is treated as a low-
confidence connection and excluded from the refined graph structure.

Furthermore, multiple independent inference runs are conducted on a subset of nodes
to assess output consistency. The results demonstrate a high level of agreement across runs
under fixed prompts and deterministic decoding settings, supporting the robustness of the
proposed semantic supervision mechanism.

It is important to note that the proposed method does not rely on fine-grained ranking
scores or probability estimates produced by the LLM. Instead, it only leverages the LLM’s
coarse-grained semantic discrimination capability over candidate connections, which fur-
ther mitigates the impact of potential output variability on overall performance.
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Appendix A.4. Runtime Overhead and LLM Invocation Analysis

In this subsection, we provide a brief analysis of the runtime overhead introduced by
the LLM-based semantic supervision module, focusing on the number of LLM invocations
and system-level time consumption. Table A1 summarizes the key runtime-related statistics
of this module across different datasets, including the dataset name, number of processed
nodes, neighborhood size K, average input and output token lengths, and the per-call LLM
latency under deterministic decoding (temperature set to 0).

For each target node n, the LLM is invoked once for each candidate set
X ∈ {N spu

n , N ver
n }. As shown in Table A1, this design leads to a total number of

LLM calls that grows linearly with the number of target nodes and remains independent
of the neighborhood size K. Increasing K only affects the length of the input prompt,
which is reflected in the average input token statistics reported in the table, rather than
the frequency of LLM invocations.

Table A1. LLM preprocessing cost on different datasets (ChatGLM-130B).

Dataset |V| Calls (=2|V|) K Avg. Input
Tokens/Query

Avg. Output
Tokens/Query

Avg. Wall-Clock
per Call

Cora 2708 5416 10 963 10.4 6.2 s
PubMed 19,717 39,434 10 1068 12.1 8.5 s
OGBN-Arxiv 169,343 338,686 10 1167 14.5 9.3 s

Note: Calls = 2|V|. Tokens and time are measured in the offline LLM preprocessing stage and averaged over
all queries.

The runtime overhead is measured as the end-to-end wall-clock time per LLM query,
including prompt construction and model inference. Under deterministic decoding with
a fixed prompt template and temperature set to 0, the per-query runtime is stable across
runs, which is consistent with the relatively low variance observed in the per-call latency
statistics in Table A1. While larger values of K lead to longer input prompts and a moderate
increase in average input token length, the resulting inference time increases smoothly and
remains well controlled.

Empirically, Table A1 summarizes the measured per-call latency together with the
total invocation counts, indicating that the semantic supervision stage constitutes only a
limited portion of the overall computational pipeline.

Across common citation network datasets such as Cora, the introduced overhead
does not dominate either training or inference time, indicating that the proposed approach
achieves a practical and manageable runtime cost.
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