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Abstract—Discovering optimal graph neural network (GNN) architectures for various tasks is both labor-intensive and time-consuming.
To reduce human effort, graph neural architecture search (GNAS) has recently been utilized to automatically identify effective GNN
architectures for specific tasks, achieving competitive or even superior performance compared to manually designed architectures.
However, existing GNAS methods fail to identify optimal architectures in the presence of structural and semantic noise, where structural
noise refers to missing or redundant edges within the graph structure, and semantic noise denotes inaccurate node representations
derived from ambiguous node features such as textual vagueness or semantic ambiguity. In this paper, we address this problem for the
first time via theoretical analyses and empirical evaluations. We discover that existing differentiable GNAS methods typically select
architectures based on task-relevant information hidden in the graph, being highly sensitive to structural and semantic noise, which
results in suboptimal selection of GNN architectures under noise. To handle the structural and semantic noise, we propose
Curriculum-GraphLLM, a novel graphLLM framework for joint optimization of architectures, structures, and texts for denoised graph neural
architecture search. The core idea is to jointly optimize GNN architectures, graph structures, and textual semantics as a unified denoising
process during architecture search. Specifically, we first develop a dynamic topology updating mechanism to adaptively adjust the graph
structure. Then, we jointly optimize the GNN architecture and graph structure through a curriculum-based iterative updating approach. To
further deal with semantic noise on text-attributed graphs (TAGs), we introduce LLMs as an auxiliary text modeling module to refine
textual semantics and guide the co-optimization of text representations, graph structures, and GNN architectures. We conduct extensive
experiments to show that our proposed Curriculum-GraphLLM achieves consistently competitive or superior performance compared with
existing baselines, especially under structural and semantic noise.

Index Terms—Graph Neural Network, Neural Architecture Search, Graph Structure Learning, Curriculum Learning, GraphLLM.

✦

1 INTRODUCTION

G RAPHS are commonly used to represent various types
of relational data in real-world applications, such as

social networks [1], e-commerce [2], traffic systems [3], and
biochemistry [4]. To learn and extract knowledge from such
graph-structured data, graph neural networks (GNNs) have
been developed, including representative models such as
GCN [5], GAT [6], and GIN [7]. GNNs utilize both the
graph structure and node features by following a recursive
message-passing scheme, where nodes aggregate information
from their neighbors in each layer. This approach has
achieved great success in various graph-related tasks [8].
However, identifying the most suitable GNN architecture
for a specific task requires significant human effort and
time. To address this issue, graph neural architecture search
(GNAS) [9], [10], [11], [12] has been proposed, leveraging
the principles of neural architecture search (NAS) [13], [14],
[15] to automatically design optimal GNN architectures. This
approach not only significantly reduces the need for human
intervention but also enables the automatically generated
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GNNs to achieve performance that is competitive with, or
even surpasses, manually designed GNNs across various
tasks [16].

However, existing GNAS methods fail to identify optimal
architectures in the presence of structural and semantic noise.
Structural noise refers to missing or redundant edges within
the graph structure, and semantic noise denotes inaccuracies
in node embeddings derived from ambiguous node features
such as textual vagueness or semantic ambiguity. Such
noises commonly occur in real-world scenarios. For instance,
social network graphs often contain missing edges due
to incomplete information about user relationships, while
redundant edges may result from noisy or inaccurate data
collection. A typical instance of semantic noise is the term
“transformers”: in e-commerce networks, it usually refers
to shape-changing toys, whereas in academic networks, it
denotes deep learning models. Ignoring these types of noise
during the architecture search process results in selecting
architectures that fit the noise rather than capturing the
underlying task-relevant information, ultimately leading to
suboptimal GNN architectures.

In this paper, we investigate the problem of denoised
graph neural architecture search in the presence of structural
and semantic noise for the first time, providing comprehensive
theoretical analyses and empirical evaluations. We first
present a theoretical analysis of the mechanisms underlying
GNAS methods for selecting optimal GNN architectures.
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Fig. 1: An overview of the framework of Curriculum-GraphLLM, where the numbered steps correspond to the main
workflow of denoised graph neural architecture search. Specifically, (1) a Hierarchical Navigable Small World (HNSW)
graph is constructed to mine potential edges for alleviating missing-edge structural noise; (2) LLMs are employed to model
text attributes and generate pseudo labels for unlabeled nodes, which are distilled to guide the optimization of the GNN
supernet architecture; (3) the logits from the GNN are fed back into the LLM, forming a co-training framework that enhances
text-attributed node embeddings and mitigates semantic noise from raw ambiguous text; (4) the resulting node embeddings
are passed through a curriculum-scheduled automatic edge selection mechanism, which gradually involves edges in an
easy-to-hard manner while excluding redundant ones during training; and (5) the optimized GNN architecture and denoised
graph are utilized for downstream tasks such as node classification.

Then, we conduct synthetic experiments designed to system-
atically measure these mechanisms in practice. Our findings
indicate that differentiable GNAS methods typically select
architectures through effectively leveraging task-relevant
information carried in the graph. However, our analyses
further reveal that these methods are highly sensitive to
structural and semantic noise, often leading to the selection of
suboptimal GNN architectures.

Based on the above discoveries, we propose Curriculum-
GraphLLM, a novel graphLLM framework for joint Optimiza-
tion of architectures, structures, and texts for denoised graph
neural architecture search. Curriculum-GraphLLM combines
differentiable architecture search, dynamic topology updat-
ing, and semantic denoising into a unified framework. The
graph structure adjustment serves as an adaptive noise
reduction method to enhance architecture search perfor-
mance. We first employ a differentiable optimization of the
graph structure during the training process. Then, we further
propose a scalable node-aware approximate nearest neighbor
algorithm to mine potential connections between nodes not
present in the original graph, and we use hidden feature
smoothness to evaluate edge importance and constrain edge
weights. We jointly optimize the parameters of the neural
architecture and graph structure in a curriculum iterative
updating manner. Moreover, to mitigate semantic noise on
TAGs, we integrate LLMs as an auxiliary text modeling
module rather than the central component of the framework,
enabling text representations, graph structures, and GNN
architectures to be co-optimized for denoised GNAS. The

framework of Curriculum-GraphLLM is illustrated in Fig-
ure 1. We evaluate our proposed Curriculum-GraphLLM on
several benchmark datasets. The results demonstrate that
our model achieves consistently competitive or superior
performance compared with existing baselines, especially
under structural and semantic noise.

In summary, we make the following contributions:

• We present a theoretical analysis of the mechanism
by which GNAS selects optimal GNN architectures.
Specifically, we demonstrate for the first time that (i)
differentiable graph architecture search tends to favor
operations capable of correcting predictions on challeng-
ing data instances, and (ii) various operations are better
suited for graphs depending on the levels of information
contained in node features and graph structures.

• We design a measurement study with synthetic ex-
periments to demonstrate that (i) differentiable graph
architecture search can select operations based on the
usefulness of the information in graphs, and (ii) noise
in node features and graph structures can degrade the
performance of architecture search.

• We propose Curriculum-GraphLLM, a framework for
joint optimization of GNN architectures, graph struc-
tures, and textual semantics for denoised graph neural
architecture search.

• Experimental results on several graph benchmark
datasets demonstrate that Curriculum-GraphLLM
achieves consistently competitive or superior perfor-
mance compared with existing methods, especially under
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structural and semantic noise.
This manuscript is an extension of our paper published

at NeurIPS 2021 [17]. Compared to the conference version,
we make new contributions in the following five aspects:
1) Our newly proposed Curriculum-GraphLLM is capable

of introducing potential connections that are not present
in the original graph through a node-aware approximate
nearest neighbor algorithm, thereby enabling more effec-
tive optimization of the graph structure within the NAS
procedure (please refer to Section 4.2).

2) The module of adding graph connections in Curriculum-
GraphLLM can be easily integrated into the joint op-
timization scheme of architecture and graph structure
while maintaining a relatively low time complexity
(O(|E|log|V|) (please refer to Section 4.5).

3) We propose a curriculum-based joint optimization scheme
to gradually adapt the graph structure during the NAS
process, along with a guarantee of convergence (please
refer to Section 4.3).

4) We take text-attributed graphs (TAGs) into account and
incorporate LLMs as an auxiliary semantic denoising
module to jointly optimize text modeling, graph structure,
and GNN architecture (please refer to Section 4.4).

5) We expand the experimental setup by including 11
additional graph datasets (8 real-world and 3 synthetic)
and 20 additional baselines. The experimental results
demonstrate that Curriculum-GraphLLM can mine real
connections and achieve consistently competitive or
superior performance compared to baselines.

2 RELATED WORK

In this section, we review related works, including graph
neural architecture search, graph structure learning, and
text-attributed graph modeling with language models.

2.1 Graph Neural Architecture Search
Neural Architecture Search (NAS) has attracted increasing
attention for its ability to automate the design of neural
networks tailored to specific tasks. In particular, Graph
Neural Architecture Search (GNAS) methods have been
proposed to tackle the unique challenge of capturing the
intricate relationships between neural architectures and
complex graph-structured data [18], [19], [20], [21], [22], [23],
[24]. Existing works mainly focus on defining a proper search
space and search strategy for GNNs. These methods can
be broadly classified into three categories: reinforcement-
learning-based approaches [25], [26]; evolutionary-based
strategies; and differentiable methods [27], [28], which enable
continuous optimization of architectures within a differen-
tiable search space. However, existing GNAS methods ignore
the impact of structure noise on the search process, which
can lead to suboptimal architectures, leading to suboptimal
performance.

2.2 Graph Structure Learning
Graph structure learning is studied in recent GNN meth-
ods [29], [30] [31], [32], [33], [34], [35]. Since graph structure
plays an important role in the GNN scheme, noise in
the original graph can significantly harm GNNs. Graph

structure learning aims to generate a clean graph during
the training procedure by utilizing prior constraints, such as
low rank [36] and smoothness [29]. Learning a new graph
structure improves the model’s ability to denoise, as well as
its robustness to adversarial attacks on GNNs [37], [38], [39],
[40], [41]. Existing graph structure learning works can be
mainly divided into two parts [42]: graph regularization and
graph structure modeling. Graph regularization performs
structure learning and refines graphs from data with the
original topology information, e.g., sparsity, smoothness, and
community preservation. Graph structure modeling uses
metric-based kernels and neural networks to mine a clean
graph structure without initial topology [43]. Attention-
based methods can also be regarded as graph structure
modeling [6], [44]. However, most existing methods focus on
deleting or optimizing the weights of existing edges, ignoring
the redundant edges.

2.3 Graph Curriculum Learning

Graph Curriculum Learning (GCL) differs from traditional
Curriculum Learning due to the inherent dependencies
within graph data [45], [46]. To address this, researchers
leverage graph structures to assess difficulty through prede-
fined or automated strategies. For example, CLNode [47], [48]
is a GCL method that evaluates local difficulty by examining
class diversity among a node’s neighbors and uses global fea-
tures to identify mislabeled nodes. RCL [49], [50] incremen-
tally integrates node relationships into the training process,
adjusting for relationship complexity. However, adopting a
curriculum learning strategy in the optimization of graph
structure and architecture has not been explored [18], [20]. In
this paper, we propose a curriculum-based joint optimization
scheme to gradually adapt the graph structure during the
GNAS process.

2.4 Text-Attributed Graph Modeling with Large Lan-
guage Models

Large Language Models (LLMs) have demonstrated signif-
icant potential in enhancing the performance of GNNs by
retrieving and incorporating relevant semantic knowledge
into the graph representation of TAGs [51], [52], [53], [54],
[55], [56], [57], [58]. For instance, LLMs can retrieve domain-
specific knowledge from external sources, which helps to
refine the initial embeddings of graph nodes [54], [59].
Moreover, LLMs have the capability to encode entire graph
structures through meticulously crafted prompts, allowing
them to generate predictions in an autoregressive fashion [33],
[53]. Another promising integration is the alignment of LLMs
with GNNs in a shared vector space [50]. This alignment
allows both models to operate within the same embedding
framework, enabling GNNs to leverage the contextual
knowledge embedded in LLMs. Despite the significant
advancements in the field, current studies have overlooked
the potential for a comprehensive and mutually beneficial
integration between the text modeling abilities of LLMs and
the mechanisms of neural architecture search and graph
structure optimization.
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3 EXPLORING THE NEURAL ARCHITECTURE
SEARCH PROCESS FOR GRAPHS

In this section, we present the results of our exploratory
experimental results conducted on differentiable GNAS.

3.1 Preliminary: Differentiable Architecture Search

We select DARTS [15] as the representative NAS method due
to its conciseness and effectiveness. In DARTS, the neural
architecture is encoded as a directed acyclic graph (DAG),
with the input data serving as the source node and the edges
representing the operations (such as GCN layers) applied to
the data. DARTS utilizes a micro search space and focuses
on identifying the optimal operation selection and node
connections within the DAG while keeping the calculations
inside each operation predefined.

DARTS consists of two distinct phases: the search phase
and the evaluation phase. In the search phase, a super net-
work (as shown in Figure 1) is constructed, where edges exist
between every two nodes, i.e., ei,j exists, ∀0 ≤ i < j ≤ N − 1.
Each edge is a mixed operation that can be computed
using the formula ei,j(xi) =

∑
o∈O

expαo
i,j∑

o′∈O expαo′
i,j

· o(xi), where
xi denotes the output of node i, O represents the candidate
operation set, and α corresponds to the learnable architecture
parameters. After computing the mixed weighted sum, each
node aggregates all input edges by xj =

∑
i<j ei,j(xi). This

approach includes all possible operations at all possible posi-
tions in the super network. DARTS employs differentiable
methods to optimize both the architecture parameters α and
the operation parameters, denoted as W, through a bi-level
optimization scheme:

min
A

Lval(W
∗,A)

s.t. W∗ = argmin
W

EA∈Γ(A)Ltrain(W,A),
(1)

where Γ(A) represents the architecture distribution learned
in the search phase. By independently learning W and A,
the search efficiency is improved. Furthermore, since the
parameters are trained in the super network, the parameters
of different architectures are shared, leading to a reduction
in the overall number of parameters.

Upon completion of the training process, the operation
with the maximum α value is selected, and these operations
constitute the optimal architecture.

3.2 Theoretical Analysis of Architecture Parameters

Next, we aim to investigate the behavior of DARTS in graph
tasks and address the following two research questions: (i)
How does GNAS select its desired architectures? and (ii) To what
extent are the architectures selected by GNAS optimal?

We first provide a theoretical analysis of (i). The mixed
operation is a crucial component in DARTS, with architecture
parameters controlling the selection of operations. To explore
how these architecture parameters evolve during the training
process, we first analyze a simple case of a binary classifica-
tion problem. In this scenario, there is only one layer within
the super network, which contains two candidate operations
requiring exploration. The mixed operation is defined as:

F (xk) = o1f1(xk) + o2f2(xk), (2)

where o1 = exp{α1}
exp{α1}+exp{α2} and o2 = exp{α2}

exp{α1}+exp{α2} , and f1
and f2 are candidate operations. We use gradient methods to
minimize the following binary cross-entropy loss:

H(F ) = −
∑
k

[
yk log

(
σ
(
F (xk)

))
+(1−yk) log

(
1−σ

(
F (xk)

))]
,

(3)
where σ(·) is the Sigmoid function and yk ∈ {0, 1} is the

ground truth label of data xk. We present the following
theorem along with a proof.
Theorem 1. The changes in the operation weights on

after one step of gradient descent with respect to
architecture parameters are dependent on the score∑

k

[
wkfn(xk)

]
, where wk = σ

(
F (xk)

)
− yk. Specifically, if∑

k wkf1(xk) <
∑

k wkf2(xk), then o1 increases and o2 de-
creases, and vice versa.

Proof 3.1.
We provide the proof for Theorem 1, beginning with
Lemma 1:

Lemma 1. The operation weights are calculated by a
softmax function. e.g., o1 = exp{α1}

exp{α1}+exp{α2} . Let g1 and
g2 are the gradients w.r.t. α1 and α2. The operation
weights after a gradient descent step are o′1 and o′2,
e.g., o′1 = exp{α1−g1}

exp{α1−g1}+exp{α2−g2} . If g1 < g2, then o′1 > o1 and
o′2 < o2, and vice versa.

Proof of Lemma 1:
If g1 < g2, we should improve o′1 > o1, that is:

exp{α1 − g1}
exp{α1 − g1}+ exp{α2 − g2}

>
exp{α1}

exp{α1}+ exp{α2}
exp{α1 − g1}

(
exp{α1}+ exp{α2}

)
> exp{α1}

(
exp{α1 − g1}

+ exp{α2 − g2}
)

exp{2α1 − g1}+ exp{α1 + α2 − g1} > exp{2α1 − g1}
+ exp{α1 + α2 − g2}

exp{α1 + α2 − g1} > exp{α1 + α2 − g2}
α1 + α2 − g1 > α1 + α2 − g2

g1 < g2.
(4)

We already have g1 < g2, thus o′1 > o1. Since
o1 + o2 = o′1 + o′2 = 1, we have o′2 < o2, which finishes the
proof of Lemma 1.
Then we prove Theorem 1 with Lemma 1:
The binary cross-entropy loss is:

H
(
F
)
= −

∑
k

[
yk · lnσ

(
− F (xk)

)
+ (1− yk) · ln

(
1− σ

(
− F (xk)

))]
= −

∑
k

[
yk ·

(
− ln

(
1 + exp

{
− F (xk)

}))
+ (1− yk) ·

(
− F (xk)− ln

(
1 + exp

{
− F (xk)

}))]
=

∑
k

[
ln
(
1 + exp

{
− F (xk)

})
+ (1− yk) · F (xk)

]
.

(5)
Then we have:
∂H

(
F
)

∂oi
=

∑
k

[ −exp
{
− F (xk)

}
1 + exp

{
− F (xk)

} · fi(xk) + (1− yk) · fi(xk)

]
=

∑
k

[(
σ
(
F (xk)

)
− yk

)
· fi(xk)

]
=

∑
k

[
wk · fi(xk)

]
.

(6)
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Besides, since o1 = exp{α1}
exp{α1}+exp{α2} , we have:

∂o1

∂α1
=

exp
{
α1

}
·
(
exp

{
α1

}
+ exp

{
α2

})
− exp

{
α1

}
· exp

{
α1

}
(
exp

{
α1

}
+ exp

{
α2

})2

=
exp

{
α1 + α2

}(
exp

{
α1

}
+ exp

{
α2

})2
.

(7)
Similarly:

∂o2
∂α2

=
exp

{
α1 + α2

}(
exp

{
α1

}
+ exp

{
α2

})2 . (8)

Thus ∂o1
∂α1

= ∂o2
∂α2

. If we have the relationship between the
two scores: ∑

k

[
wkf1(xk)

]
<

∑
k

[
wkf2(xk)

]
∂H(F )

∂o1
<

∂H(F )

∂o2
∂H(F )

∂o1

∂o1
∂α1

<
∂H(F )

∂o2

∂o2
∂α2

∇α1 < ∇α2 .

(9)

By Lemma 1, o1 increases and o2 decreases.

Theorem 1 shows that DARTS evaluates various candi-
date operations by employing a scoring mechanism, which
can be interpreted as a weighted sum of logits. The weights,
denoted by wk ∈ (−1, 1), are positive or negative based on
the data label. If yk = 0, the weight is a positive number
σ
(
F (xk)

)
, indicating that those data with poor predictions

given by the super network have larger weights. By focusing
exclusively on scores associated with positive weights, the
candidate operation that provides improved predictions will
exhibit smaller logits. The sum of these scores yields a lower
score and increases the architecture weight on. A similar
conclusion can be drawn by analyzing data with label yk = 1.
In summary, DARTS favors operations that can improve
predictions on difficult data.

3.3 Analyses on Synthetic Graphs

In this subsection, we investigate the behavior of DARTS on
graph tasks using synthetic graphs to prove existing GNAS
methods are sensitive to structural and semantic noise in graph
data.

3.3.1 Synthetic Graph Generation
We construct a synthetic graph comprising 600 nodes with
10 types, with 60 nodes per type. We focus on the node
classification task where the node type serves as the node
label. The node features of a particular type i follow a
Gaussian distribution, denoted by N (µi, σ

2
1) (for convenience

in notations, we abbreviate the feature as one-dimensional,
while the features can compose of multiple independent
channels), where µi is sampled from another Gaussian
distribution, denoted by N (0, σ2

2). Here, we use β = σ2

σ1
to

measure and control the difficulty of classifying nodes based
on their features, i.e., if β is large, intra-group node features
are closely clustered while inter-group node features are
further apart, making it easier to classify nodes based on their
features, and vice versa. This difficulty measurement also

reflects the ratio of semantic noise to type-relevant information
within the node features.

As for the edges, we set two hyperparameters, p1 and p2,
where p1 is the probability of generating an edge between
two intra-group nodes, and p2 is the probability of generating
an edge between two inter-group nodes. We further define
δ = p1

p2
, which represents the difficulty of classifying nodes

by considering their neighborhoods. If δ is large, intra-group
nodes are more connected in the neighborhood, making
it easier to classify nodes by aggregating neighborhood
information, and vice versa. This difficulty measurement
also reflects the ratio of structural noise to type-relevant
information within the graph structure.

We generate synthetic graphs with different β and δ,
and split the nodes under a semi-supervised setting for the
purpose of performing the node classification task.

3.3.2 Theoretical Analysis
To explore the behavior of different operations under differ-
ent settings of the synthetic graph, we theoretically analyze
a simple scenario in this subsection. We consider only one
target node connected to two classes of nodes, where one
class is the same as the target node’s class, and the other is
not. The node feature channel is set as 1, and the candidate
operations consist of only linear and GCN [5], which represent
two types of operations: message-passing and non-message-
passing operations. We have the following result.
Theorem 2. Under our synthetic graph setting, let n denote

the number of edges connecting the target node, and |D|
follows a Gaussian distribution N (0, β2), which measures
the relative distance between the centers of the two
classes. Then, the probability that the linear operation
provides more accurate predictions than GCN on the
target node is given by P = Φ

( √
2n|D|

(δ+1)
√

(n+1)(n+2)

)
, where

Φ denotes the cumulative distribution function of the
standard Gaussian distribution.

Proof 3.2.
Firstly, we have Property 1, the proof of Property 1 can be
easily found in any classic Probability Theory textbook.

Property 1. If x1 ∼ N (µ1, σ
2
1), x2 ∼ N (µ2, σ

2
2), then

x1 + x2 ∼ N (µ1 + µ2, σ
2
1 + σ2

2)

Since the centers of the two classes follow
µ1, µ2 ∼ N (0, σ2

2), according to Property 1, the absolute
distance between these two centers is d ∼ N (0, 2σ2

2).
Since D ∼ N (0, β2) and β = σ2

σ1
, we know the relationship

between D and d is d
D =

√
2σ1. We assume the center of

the target node’s class is µ, and the center of the other
class is µ+ |d|. Thus the target node’s feature follows
xt ∼ N (µ, σ1). The node feature of the other class follows
x ∼ N (µ+ |d|, σ1).
GCN can be seen as a message-passing process followed
by a linear layer, where the message-passing process is
an average of all node neighbors. The number of the
target node’s intra-group neighbors is δn

δ+1 + 1 (include
self-loop), while the number of the target node’s inter-
group neighbors is n

δ+1 . Let the probability of a target
node’s neighbor becoming an inter-group neighbor be p,
defined as follows:

p =
n

δ+1

δn
δ+1

+ 1 + n
δ+1

=
n

(δ + 1)(n+ 1)
. (10)
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Fig. 2: The frequency of GNN operations in optimal architec-
tures on different graph datasets.

Let xG represent the node feature after the message-
passing process. We have xG ∼ N (µ+ p|d|, σ2

1

n+1 ).
Linear operation giving a more accurate prediction
than GCN on the target node is equivalent to xt < xG.
Let ∆ = xt − xG, we have ∆ ∼ N (−p|d|, n+2

n+1σ
2
1). Thus we

have:

P (xt < xG) = P (∆ < 0)

= Φ
( p · |d|√

n+2
n+1

σ1

)

= Φ
( n

(δ+1)(n+1)
·
√
2σ1|D|√

n+2
n+1

σ1

)
= Φ

( √
2n|D|

(δ + 1)
√

(n+ 1)(n+ 2)

)
.

(11)

Theorem 2 demonstrates that the performance of different
operations is influenced by β, δ, and n. Specifically, as β

increases, the expectation of |D| increases, and the probability
of selecting linear increases. On the other hand, as δ increases,
the probability of selecting GCN increases. The number of
edges can also affect the probability, but to a lesser extent
than β and δ.

Next, we report experimental results on synthetic graphs.

3.3.3 Operation Selection
To investigate how β and δ influence DARTS in practice, we
generate synthetic graphs by controlling one variable while
changing the other. Specifically, we set β = 0.4 and vary δ, and
set δ = 4.0 and vary β. For each setting of β and δ, we generate
100 different graphs and apply DARTS to them. We choose
GCN [5], GAT [6], GIN [7], MRConv [60], EdgeConv [61], linear,
skip connect and zero as candidate operations in DARTS, with

the number of operations set to 6. We focus on exploring
the behavior of DARTS in operation selection rather than
connection design. We count the frequency of each operation
that appears in the optimal architecture and present the
results in Figure 2.

Based on the results, we observe that DARTS suggests
using different operations for different graphs. Specifically,
for graphs with more structural information (i.e., large δ) and
less feature information (i.e., small β), DARTS tends to select
typical message-passing operations, such as GIN. When
there is less structural information (i.e., small δ) and more
feature information (i.e., large β), DARTS is more likely to
select operations like linear and skip connect to avoid message
passing. These results are consistent with Theorem 2.

By integrating the two theorems with the experimental
results, we provide an analysis addressing question (i), specif-
ically elucidating the mechanism by which GNAS selects
its optimal architectures. A GNN can be considered as an
advanced information extraction mechanism that aggregates
valuable messages from neighboring nodes, thereby enabling
precise node classification. The operations within the search
space possess varying capacities for extracting meaningful
information from both node features and graph structures.
For example, GCN can extract information from the graph
structure but reduce the influence of node features, while
linear only uses feature information and ignores the graph
structure. DARTS aims to find the optimal information
extractor to improve the prediction of the super network by
assessing the usefulness of node features and graph structure
for the task. If the graph structure is useful, DARTS will
select operations that extract information from the topology.
If node features are useful, DARTS will prevent message
passing to focus on the features.

Furthermore, we find that the heat maps of the two
experimental results of varying β and δ are similar, indicating
that DARTS judges the relative information of the two types
rather than the absolute amount. This is also consistent with
Theorem 2. For example, as long as node features are more
useful than graph structure, the structure is considered to
have certain noise that is harmful to the task, and message-
passing is preferred to be avoided.

We have demonstrated that DARTS is capable of evaluat-
ing the relevance of various graph information sources and
selecting suitable operations. This capability motivates us to
investigate the denoising potential of DARTS. When a clean
graph is perturbed by random structural and semantic noise,
DARTS can re-evaluate the significance of graph structure
and node features, thereby proposing new architecture
designs as needed. However, our experiments on real graph
datasets (see Section 5 for details) show that the denoising
ability of DARTS is unstable. Therefore, we continue to
explore how accurately DARTS selects operations.

3.3.4 Accuracy of Operation Selection
To further answer the question (ii), i.e., to what extent are
the architectures selected by GNAS optimal, we transfer the
searched architectures to different graphs for evaluation. We
vary β and δ by controlling one variable while changing the
other. The results are presented in Table 1.

The conventional assumption holds that an architec-
ture searched on a specific graph should exhibit optimal
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TABLE 1: The GNN performance under different settings of
β and δ for the searching and evaluation phase. "S" indicates
the search phase, and "E" indicates the evaluation phase.
All the results are an average of 100 runs with the variance
reported after ± signs.

S
E

β = 0.2 β = 0.3 β = 0.4 β = 0.5 β = 0.6

β = 0.2 56.4±4.9 70.9±4.9 82.0±5.1 87.9±5.0 91.6±4.9

β = 0.3 55.5±5.1 73.1±4.4 85.1±5.2 91.7±5.1 94.4±4.6

β = 0.4 52.3±5.6 73.1±4.8 86.5±5.4 93.0±5.0 96.3±4.2

β = 0.5 48.5±7.1 72.7±5.5 88.6±3.1 96.1±1.8 98.6±1.2

β = 0.6 43.0±6.4 69.4±5.8 88.1±3.2 96.3±1.6 99.0±1.0

S
E

δ = 6.0 δ = 5.0 δ = 4.0 δ = 3.0 δ = 2.0

δ = 6.0 93.4±2.2 88.4±3.0 80.6±4.4 68.9±6.7 55.1±8.1

δ = 5.0 94.2±2.1 90.1±3.5 83.6±5.5 79.2±8.4 62.9±11.5

δ = 4.0 94.2±2.1 91.3±3.0 86.3±5.2 79.2±8.4 70.5±12.4

δ = 3.0 92.9±4.1 91.0±3.3 88.7±3.3 85.8±3.4 82.1±5.5

δ = 2.0 86.8±4.6 86.3±4.6 85.8±4.4 85.4±3.6 84.8±3.4

performance on that same graph, meaning the elements
along the main diagonal in the tables should represent
the highest values in each respective column. Nevertheless,
our observations reveal that an architecture derived from
a different graph can, in certain cases, achieve superior
performance. For example, the best architecture evaluated on
the graph with δ = 5 is searched from the graph with δ = 4.
This phenomenon can provide some answers to question (ii),
i.e., DARTS may not be able to accurately select the optimal
architecture for the node classification task.

Next, we will try to provide plausible explanations for
this empirical observation. Although DARTS can assess the
usefulness of information contained in the graph structure
and node features, it may not always obtain an accurate
result. For instance, when δ = 6, the graph structure contains
useful information for node classification, but DARTS may
become overconfident and make incorrect decisions by
aggregating too much information from the neighborhood,
which includes structural and semantic noise. On the other
hand, when there is less graph structure information (e.g.,
δ = 4, 5), DARTS becomes more conservative about aggre-
gation. Therefore, architectures searched at these settings
perform better when evaluated at δ = 6. Similarly, DARTS
may misjudge the usefulness of information in other settings.

Based on the above exploration, we have found a ma-
jor cause for why DARTS may not design the optimal
architecture: structural and semantic noise in the original
graph. The message-passing scheme used in GNNs smooths
node features, which can be viewed as a denoising process.
Therefore, we should consider denoising the graph structure
in the GNAS process. Combining architecture search and
graph structure learning becomes a natural way to address
this issue. In the next section, we will introduce our method
that jointly optimizes neural architecture and graph structure.

4 THE PROPOSED METHOD: CURRICULUM-
GRAPHLLM
In this section, we present our proposed method in detail.
First, we introduce dynamic topology learning through
two sections: (1) We address the impact of noisy edges
by introducing differentiable graph structure learning in
Section 4.1. (2) To identify potentially useful edges that are

missing in the original graph, we introduce a node-aware
approximate nearest neighbor search algorithm in Section 4.2.
In Section 4.3, we present the curriculum optimization frame-
work which jointly optimizes the neural architecture and
graph structure. Moreover, we further introduce a unified co-
training framework in Section 4.4 to simultaneously optimize
the text modeling, neural architecture, and graph structure.
We analyze the time complexity and memory cost of our
method in Section 4.5.

4.1 Structural Denoising: Removing Noisy Edges
4.1.1 Differentiable Graph Structure Learning
In most real graph datasets, the graph structure is discrete,
i.e., the edges given in the graph are unweighted. Although
these edges contain crucial information, they also introduce
certain noise into the data. For instance, in the citation dataset,
a paper cites other papers for various reasons, and some
citations are not helpful for the paper classification task.
Similar phenomena can be observed in other types of graphs.
Moreover, the discrete nature of graph structure makes it
challenging to optimize the structure differently.

We apply a differentiable graph structure to address this
issue. Specifically, we use a learnable parameter to represent
the weight of each edge and enforce the weights to be in the
range of (0, 1) during message passing by using a sigmoid
function. Thus, the normalized parameter matrix used in
message passing can be represented as:

G̃i,j =
σ(Gi,j)∑
j′ σ(Gi,j′)

, (12)

where Gi,j and G̃i,j is the unnormalized and normalized
weight associated with edge (i, j), respectively. Note that we
also adopt self-loops and fix the weights of self-loops. In
the message-passing procedure, edge weights are multiplied
before aggregation.

Differentiable graph structure brings two benefits. First,
we can distinguish the usefulness of edges and aggregate
more useful information during message passing. Second,
by relaxing the discrete edges into continuous edge weights,
we can use differentiable methods to optimize the structure,
i.e., Gi,j . Note that this differentiable graph structure is
compatible with most GNNs by simply replacing the adjacent
matrix A with the parameter matrix G̃.

4.1.2 Hidden Feature Smoothness Regularizer
To regularize the learning of graph structure, we further
utilize hidden node features H to optimize the parameter
matrix G. The fundamental assumption is that nodes with
similar features should be connected, which is also known as
the homophily assumption [62] or the first-order proximity
between nodes [63]. Specifically, we use the following hidden
feature smoothness regularizer, which is defined as the
weighted sum of the Euclidean distance of the hidden feature
between connected nodes:

L1 =
∑

(i,j)∈E

G̃i,j ∥hi − hj∥2 , (13)

where hi is the hidden representation of node i and N
denotes the number of nodes. With this regularizer, the edge
weights of nodes with similar hidden features are larger than
those of nodes with different hidden features. By learning the
graph structure, nodes with similar features are aggregated
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more in the message-passing process, which can improve the
denoising ability of the model.

Meanwhile, we also aim to prevent the learned graph
structure from deviating excessively from the original graph.
Consequently, we incorporate a distance regularizer to
measure and constrain the discrepancy between the learned
graph structure and the original graph structure. The overall
loss of graph structure learning is formulated as:

Ls = λ1Lcls + λ2

∑
(i,j)∈E

G̃i,j ∥hi − hj∥2 +
∑

(i,j)∈E

(G̃i,j −Ai,j)
2,

(14)
where E is the potential edge set, Lcls is the task loss, Ai,j

is the adjacency matrix, and λ1, λ2 are hyper-parameters to
control the weights of different objectives.

4.2 Structural Denoising: Adding Potential Edges
In Section 4.1, we focus on the removal of noisy edges from
the original graph. In this section, we present our method for
adding potential edges that are not present in the original
graph. Notice that considering all possible edges between
every pair of nodes would result in a time complexity of
O(|N |2), where (|N | denotes the number of nodes, which is
impractical for large-scale graphs. To address this issue, we
introduce a scalable approach for adding potential edges.
The core idea is to only consider the nearest neighbors
of each node as potential edges and efficiently find the
nearest neighbors using Hierarchical Navigable Small World
(HNSW) [64] graphs.

4.2.1 HNSW Graph Construction
HNSW is an effective algorithm for Approximate Nearest
Neighbors (ANN). The ANN problem is a faster approxima-
tion of the traditional K-Nearest Neighbor (KNN) problem,
with a small margin of approximation error. Compared to
KNN methods, ANN algorithms have improved scalability.

In HNSW, we transform the original graph data into a
series of hierarchical small-world graphs, where the upper
graphs are coarser than the lower graphs, indicating that
the nodes in the upper graphs are a subset of the nodes in
the lower graphs. The lowest graph contains all nodes. The
nodes are sequentially inserted into the hierarchical graphs,
with an exponentially decaying probability to determine
the layer into which each node is inserted. Specifically, a
probability parameter p ∈ (0, 1) is chosen, and the probability
of a node being inserted in the lth layer is pl−1. The inserted
node establishes d connections with its approximate nearest
neighbors in each small-world graph. Additionally, every
node is allowed to have at most dmax connections in each
small-world graph.

When inserting a new node, we need to add edges for
the node in HNSW, similarly to normal ANN searches.
Specifically, we begin at the top graph and greedily traverse
the graph until a local minimum is reached, i.e., the node
closest to the target node in the top graph is found. Then, the
algorithm switches to a layer below, where the previously
found local minimum node becomes the starting node. The
algorithm traverses the graph to find a local minimum
again. In this new search process, since we already know
the starting node is the local minimum in the last layer,
the algorithm does not need to consider nodes belonging
to the previous layer. The algorithm repeats this process

until reaching the bottom layer, where approximate nearest
neighbors are obtained. Since the maximum number of edges
per node in all layers is restricted to a constant number, the
searching algorithm only has a logarithmic complexity. We
refer readers to for more details about the HNSW graph
construction.

4.2.2 Node-aware Approximate Nearest Neighbor Search
After constructing the HNSW graph, we need to conduct an
approximate nearest neighbor search to identify potential
edges that could be added to the original graph. However,
using the original HNSW search algorithm to find the nearest
node pairs ignores the characteristics of different nodes
since it treats all nodes equally. Certain nodes may have
a higher probability of having connections based on their
specific characteristics. For example, in citation graphs, some
papers have general contributions, while others provide
minor improvements. Although they have similar topics,
the former is more likely to be cited by later studies. We
identify this characteristic in the original graph and propose
a node-aware approximate nearest neighbor algorithm.

Algorithm 1 Node-aware Approximate Nearest Neighbor
Search
Require: The node set V , the node degrees in original graph

{dq|q ∈ V}, the normalization factor for level generation
mL.

Ensure: Node-aware approximate nearest neighbor pairs.
1: Sort V according to the degree of nodes in the original graph

from largest to smallest
2: ep = ∅ # the enter point of HNSW
3: L = −1 # the level of HNSW
4: for q ∈ V do
5: Vn = ∅ # nearest elements
6: l = ⌊−ln

(
U(0, 1)

)
·mL⌋ # level of q

7: if l > L then
8: Construct graph (l + 1) . . . L with single element q
9: L = l # the level of HNSW increases

10: ep = q # set enter point as q
11: else
12: np = ep # start from the enter point
13: for lc = L . . . (l + 1) do
14: np = the nearest elements to q at layer lc
15: end for
16: end if
17: for lc = l . . . 0 do
18: Vn = the dq nearest elements to q at layer lc
19: Add connections from Vn to q at layer lc
20: for v ∈ Vn do
21: if v has more than dv ∗ 2 connections at layer lc then
22: Only keep dv ∗ 2 nearest neighbors to v
23: end if
24: end for
25: np = the nearest point in Vn

26: end for
27: end for
28: Construct E ′ by combining all edges at layer 0
29: Return E ′

Specifically, our method improves on the original algo-
rithm in two ways. Firstly, since the node inserted first
has a higher probability of obtaining more connections in
small-world graphs, we insert nodes based on their original
degree, from largest to smallest, instead of random order in
traditional HNSW graphs. Secondly, we use customized dmax
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Algorithm 2 GASSIO

Require: Graph feature matrix X, the adjacent matrix A, the
learning rates ηW , ηA and ηG, the number of warming up
epoches nw.

1: Initialize the super network F with parameters W, A
2: Initialize the parameter matrix G
3: Initialize A0 = A, S0

4: while not converge do
5: W = W − ηW∇WLtrain(W,A,G,At)

+ γ
2

∥∥W −Wt−1
∥∥2

2
6: if epoch < nw then
7: Continue
8: else if epoch = nw then
9: Obtain E ′ by Algorithm 1

10: Add edges in E ′ to G
11: else if epoch > nw then
12: Calculate St in Eq (15)
13: Calculate At = St ⊙A
14: end if
15: G = G− ηG∇GLs(W,A,G,At)
16: A = A− ηA∇ALval(W,A,G,At)
17: end while
18: Return fW,A,G(X)

values for different nodes. For a node i, we set its number of
connections established at HNSW graph construction to be
twice the node’s original degree. As a result, the maximum
possible degree for a node after adding potential edges is
three times the node’s original degree. Consequently, nodes
have different numbers of edges in the hierarchical small-
world graphs, which is consistent with their characteristics
in the original graph.

After all nodes are inserted, the small world graph in
the bottom layer will have all candidate ANN pairs, so we
take out the edges in the bottom graph as the potential
edges, denoted as E ′. The overall algorithm of our proposed
node-aware approximate nearest neighbor search is shown in
Algorithm 1. Then, we modify the graph structure learning
loss in Eq (14) by replacing E with E

⋃
E ′.

4.3 Structural Denoising: Curriculum Optimization of
Neural Architecture and Structure

Curriculum optimization plays a vital role in enabling
models to learn in a staged, progressive manner. Yet, current
approaches have overlooked its potential in simultaneously
optimizing neural architectures and graph structures. Here,
we present a strategy that leverages curriculum optimization
to address this gap, promoting the joint refinement of both
components.

4.3.1 Automatic Edge Selection for Joint Optimization
We begin by measuring the difficulty of each edge in the
graph using the normalized weight, G̃i,j , associated with
edge (i, j) as defined in Eq (12). A lower weight for the edge
(i, j) indicates a higher likelihood that the current architecture
expects this edge, suggesting that the edge is easier to learn
and less likely to contain noise.

To facilitate the automatic selection of additional edges
for joint optimization of the neural architecture and graph
structure, we propose an automatic edge selection strategy.
Specifically, we introduce a learnable mask matrix S to filter
out edges, where each element Si,j lies in the interval [0, 1].

We penalize the normalized weight G̃i,j of the selected
edges using this mask matrix S, which can be expressed
as

∑
(i,j)∈E Si,jG̃i,j . To control the number of selected edges,

we incorporate a regularization term
∑

(i,j)∈E Si,j into the
loss function. Additionally, we introduce a proximal term
γ
2

∥∥S− St−1
∥∥2
2

to control the magnitude of update. The
resulting overall loss function for selecting edges St at step t
is formulated as:

min
St

∑
(i,j)∈E

Si,jG̃i,j − λt

∑
(i,j)∈E

Si,j +
γ

2

∥∥S− St−1
∥∥2

2
,

s.t. Si,j ∈ [0, 1], λt = λ0/(T − t+ 1),

(15)

where λt is a variable that controls the number of selected
edges and γ is a hyperparameter to control the proximal
term. Here, λ0 represents the base value of λt, T denotes the
total number of epochs, and t represents the current epoch.
As λt increases, the number of selected edges also increases,
allowing the model to progressively learn additional edges
in the process until all edges are selected.

4.3.2 Training Objective
We use At = St ⊙A to denote the learning adjacency matrix
at epoch t, we formulate the joint optimization of GNAS and
graph structure learning at epoch t as follows:

min
A,G,W

Lval(W,A,G,At)

s.t. A∗ = argmin
A

Lval(W
∗,A,G∗,At),

G∗ = argmin
G

Ls(W
∗,A,G,At),

W∗ = argmin
W

EA∈Γ(A)Ltrain(W,A,G,At)

+
γ

2

∥∥W −Wt−1
∥∥2

2
.

(16)

In this optimization, there are three categories of learnable
parameters W,A,G that need to be optimized. However,
optimizing all of these parameters simultaneously is chal-
lenging. Therefore, we apply gradient descent methods to
update these parameters alternatively. During the training
procedure, we set the first few epochs as a warming-up
period, during which only W is updated. This is because we
observe that W is unstable and may lead to incorrect hidden
features at the beginning of training. Therefore, we update
only W during the warming-up period. When the warming
period finishes, we use the node-aware approximate nearest
neighbor search algorithm to search for potential edges in
the graph. Then we select edges to jointly optimize the
graph structure and neural architecture. The overall training
procedure is described in Algorithm 2, and we prove the
convergence of the proposed algorithm.
Proof 4.1.

We first explain that our method satisfies the conditions
of a Proximal Alternating Minimization. Following this,
we introduce a Lemma 2 from [65] to demonstrate the
convergence of Algorithm 2.

Property 2. Proximal Alternating Minimization is an optimiza-
tion technique that combines alternating minimization
with proximal methods. It works by dividing variables
into blocks, alternating between optimizing each block
while using a proximal term to control the update
magnitude, which prevents numerical instability. A Prox-
imal Alternating Minimization procedure is defined in
Algorithm 3.
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Algorithm 3 Proximal Alternating Minimization

1: Initialize (x0,y0)
2: for k = 1, 2, . . . do
3: yk = argmin

y
f (xk−1,y) +

γ
2

∥∥y − yk−1

∥∥2

2

4: xk = argmin
x

f (x,yk) +
γ
2
∥x− xk−1∥22

5: end for

Lemma 2. Suppose the sequence (xk,yk) generated by
Algorithm 3 is bounded and f satisfies the following
assumptions. Choose a sufficiently large γ in Algorithm
3. Then Algorithm 3 with random initialization almost
surely converges to a second-order stationary point of f .

1. f satisfies the Kurdyka-Łojasiewicz (KL) property
and ∇f is Lipschitz continuous on any bounded subset
of domain Rn × Rm.

2. Any globally smooth function f with
∥∥∇2f(x,y)

∥∥ ≤ Lf .

We begin by demonstrating that our algorithm (Algo-
rithm 2) satisfies the conditions of a Proximal Alternating
Minimization. The objective of our algorithm is to opti-
mize three variables, W,A, and G, which we treat as a
combined block. During the training procedure, we also
optimize an additional variable, S, to control the selection
of edges. Consequently, our algorithm can be viewed
as a Proximal Alternating Minimization with two variable
groups: W,G,A and S. We optimize the former group
in Eq (16), and, given that At = St ⊙A, we can rewrite
Eq (16) as follows:

Wt,Gt,At = argmin
W,G,A

L(W,G,A,St) +
γ

2

∥∥W −Wt−1
∥∥2

2
.

(17)
We optimize the latter variable group using Eq (15), we
can regard β

∑
(i,j)∈E Si,jG̃i,j − λt

∑
(i,j)∈E Si,j as a func-

tion Lg(W
t,Gt,At,S), which can be expressed as follows:

St = argmin
S

Lg(W
t,Gt,At,S) +

γ

2

∥∥S− St−1
∥∥2

2
. (18)

Thus, Algorithm 2 constitutes a Proximal Alternating
Minimization. Next, we demonstrate that our algorithm
satisfies the assumptions outlined in Lemma 2.
Since the functions L and Lg are coercive and we seek
their minimum values, the domain (Wt,Gt,At,St)

is bounded to prevent these functions from
approaching infinite values. Additionally, L and
Lg satisfy the Kurdyka–Łojasiewicz (KL) property,
so our algorithm satisfies assumption 1. Given
that the sequence (Wt,Gt,At,St) is bounded
and the second derivatives of L and Lg are
continuous, these functions are therefore bounded, i.e.,
max

{∥∥∇2
WL(W,G,A,St)

∥∥ , ∥∥∇2
SLg(W

t,Gt,At,S)
∥∥} ≤ p,

where p is a constant. Consequently, our algorithm
satisfies assumption 2. As a result, our algorithm satisfies
both assumptions, and for any γ > p, our algorithm
with random initialization almost surely converges to a
second-order stationary point.

Unlike DARTS for image classification tasks, which
uses a small proxy model during the search phase and re-
trains a larger network during the evaluation phase to save
memory usage, the number of layers in the super network
of Curriculum-GraphLLM is the same as that of a complete

GNN. Therefore, we can directly use the super network for
evaluation. In fact, we find that the super network performs
well in the node classification task, even outperforming
the retrained architecture in most cases. This phenomenon
may be due to the regularization effect of weight sharing,
which can be considered as a type of ensemble model [66].
Other ensemble models, such as dropout [67] and multiple
heads [68], have also demonstrated success in deep neural
networks. In Curriculum-GraphLLM, these models can be
considered an ensemble of different sub-models, which
learn different aspects of the data and provide different
perspectives on the prediction. These sub-models impact
and constrain each other during the training phase, which is
a form of regularization that helps reduce over-fitting and
improves performance.

4.4 Semantic Denoising: Unified Co-Training for Text-
Attributed Graphs
Text-attributed graphs serve as powerful tools by augmenting
structural graphs with semantic content, allowing for more
advanced and insightful graph modeling. In domains like
citation networks [69] and web links [70], this synergy
between text and structure helps reveal deeper connections
and patterns.

In TAGs, the interplay between textual content and
graph structures is crucial for accurate predictions. However,
existing GNAS methods have largely overlooked the role of
text attributes in optimizing architectures. Our experiments
show that enhanced textual representations can lead to
more effective architectures, thereby improving text under-
standing capabilities. Moreover, structure learning during
architecture search can synergistically interact with text
modeling, enabling better capture of relationships within
graph data. This mutual reinforcement forms a cohesive co-
training framework introduced in this section that allows
these components to jointly optimize one another, leading to
superior performance on TAG-related tasks.

4.4.1 Text Attribute Modeling
Text-attributed graphs (TAG) are formulated as
Gs = (V,A, {sn}n∈V), where sn is described as the textual
information associated with node n. Language models excel
at processing textual information in TAGs due to their ability
to capture rich contextual semantics and handle diverse
language patterns effectively.

Language models employ text encoders, often leveraging
transformer architectures, to project text attribute sn into
latent vector representations hn. For node classification tasks,
the label distribution yn for node n can then be obtained by
applying an MLP with a softmax layer to hn. Such a process
is structured as follows:

ŷn = softmax
(
MLP(hn)

)
; hn = TextEnc(sn). (19)

In our research, we emphasize the synergistic interplay
among text attribute modeling, neural architecture search,
and graph structure learning within the framework of TAGs.

4.4.2 Unified Co-Training Framework for TAGs
For the initial stage in our framework, we freeze the lan-
guage model’s training process for text representation and
focus solely on searching and optimizing the graph neural
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architecture and structure. This approach is motivated by
the need to first establish a solid foundation for those GNN
components, denoted as parameters ϕ, while freezing the
LM during this phase allows the model to avoid unneces-
sary interference from text-based features while tuning the
underlying structure.

In the next phase, we stabilize the graph neural network
architectures, directing the attention towards improving
the language model, denoted as parameters θ for more
precise and nuanced text modeling. Due to the existence
of unobserved nodes lacking ground truth labels, we apply
the principles of variational inference. Specifically, we utilize
the inferential output of the language model as an approx-
imation to tackle the intractable distributions of unseen
data. Subsequently, we minimize the Kullback-Leibler (KL)
divergence between the variational distribution and the an-
notation outcomes produced by the neural architecture. This
distribution is embodied through the logits zLMθ

U and z
GNNϕ

U ,
which act as the latent parameters for the probabilistic model,
where U is the set of unlabeled nodes. Correspondingly, let
L represent the set of labeled nodes, the training objective
can be formulated as:

θt = argmin
θ

1

|U | KL
(
z

LMθt

U ||z
GNN

ϕt−1

U

)
+

1

|L|
∑
n∈L

−yn log
(
ŷθt

n

)
.

(20)

After this phase, the language model benefits from the
distributional knowledge transmitted through the GNN
architecture, enabling it to capture deeper, contextually
enriched text representations.

Once the language model has been fine-tuned, we pro-
ceed to utilize the simulated variational distribution of the
LM to generate pseudo-labels for the subsequent step, which
involves the optimization of graph neural architectures
and their associated structures. Specifically, we employ
the learned parameters θt to infer pseudo labels ŷθt

n for
each unlabeled nodes n ∈ U . Thus, the knowledge encoded
by LMs can be distilled into the structural and weight
adjustments of GNNs. With both annotated and ground
truth labels obtained, the training objective in this step can
be written as:

ϕt = argmin
ϕ

1

|U |
∑
n∈U

−ŷθt−1

n log
(
ŷϕt

n

)
+

1

|L|
∑
n∈L

−yn log
(
ŷϕt

n

)
,

(21)

where λϕ is a hyperparameter similar to λθ. For the second
term, the observed labels are used as supervision, while the
former term acts as a knowledge injection process on those
unobserved nodes. Excluding the initialization phase, the
two subsequent stages are performed alternately until the
model reaches convergence. The overall algorithm is shown
in Algorithm 4.

4.5 Complexity Analysis

4.5.1 Complexity of Adding Potential Edges
We first analyze the time complexity of hierarchical small-
world graphs. In this process, a node must traverse from
the top-layer graph to the bottom-layer graph. The search
at each layer always terminates before reaching a node that
belongs to the upper layer; otherwise, the search process in
the upper layer would have reached a new node. Since a

Algorithm 4 Unified Co-Training For TAGs

Require: Graph feature matrix X, the adjacent matrix A, textual
attributes {sn}, epoch intervals for dual training ni, the
number of warming up epoches nw.

1: Initialize the language model LM with parameters θ
2: Initialize the parameters ϕ outlined in Algorithm 2
3: while not converge do
4: if epoch <= nw then
5: Freeze θ, optimize ϕ by Algorithm 2
6: Add potential edges following Algorithm 2
7: else if epoch > nw then
8: if epoch reaches kni (k ∈ N) then
9: Calculate z

LMθ
U with θ, zGNNϕ

U with ϕ
10: Freeze ϕ, optimize θ with Eq (20)
11: else
12: Annotate pseudo-labels ŷθ

n with θ
13: Freeze θ, optimize ϕ with Eq (21) and Algorithm 2
14: end if
15: end if
16: end while
17: Return fθ,ϕ(X, {sn})

node has a p probability of appearing in the upper graph,
the expected number of steps in a layer is 1

1−p . For each
step, it needs to traverse all edges connected to the current
node, which costs an amount of time equal to the average
degree |E|

|V| in expectation. Since there are O(log |V|) layers, the
time complexity of inserting one node is O( |E| log |V|

|V| ), thus the
overall complexity of inserting all nodes is O(|E| log |V|). The
process of our proposed node-aware approximate nearest
neighbor search is similar, which also has a time complexity
of O(|E| log |V|).

4.5.2 Complexity in Structure Learning
For the structure learning part, as we only allow each
node to have at most twice the original degree of edges
in the small world graph, there are at most 2|E| potential
edges. Combined with the original edges, there are at most
3|E| edges. In the structure learning process, we consider
optimizing the parameter matrix for these edges. Therefore,
the time complexity of structure learning is O(|E|).

4.5.3 Complexity in Automatic Edge Selection
For the automatic edge selection process, it is necessary to
employ a mask whose length corresponds to the number of
edges, as there are at most 3|E| edges. This mask S is applied
to all edges through the dot product. Consequently, the time
complexity of the automatic edge selection is O(|E|).

4.5.4 Memory Cost
The expectation of the maximum number of edges in the
hierarchical small world graphs is 2|E|

1−p . In addition, the
memory cost in structure learning is 3|E|. Other parts of
Curriculum-GraphLLM such as the supernet also have a
memory cost of O(|E|). Thus, the overall memory cost is
O(|E|).

4.5.5 Overall Complexity
In summary, our proposed model has O(|E| log |V|) =
O(d̄|V| log |V|) time complexity and O(|E|) memory cost,
where d̄ is the average degree. Since most real-world graphs



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, AUGUST 2026 12

are sparse [71], the average degree of nodes can be con-
sidered as a small constant, i.e., d̄ ≪ |V|. As a result, the
time complexity of our method is comparable to previous
GNAS methods, which usually has a time complexity O(d̄|V|),
and is much more efficient than graph structure learning
approaches which cost O(|V|2).

5 EXPERIMENTS

In this section, we report experimental results on real-world
graphs to validate the effectiveness of our proposed model.

5.1 Experimental Setting

We evaluate our model on six widely used graph bench-
mark datasets: Cora, CiteSeer, PubMed [72], Coauthor-
CS, Coauthor-Physics, and Amazon-Photo [73]. For Cora,
CiteSeer, and PubMed, we apply the full-supervised training
setup used in [74]. For Coauthor and Amazon datasets, we
randomly split the training/validation/testing set using a
ratio of 60%:20%:20%.

We compare our method with various baselines, includ-
ing handcrafted GNNs: GCN [5], GAT [6], and ARMA [75],
representative NAS algorithms: DARTS [15], GDAS [76],
ASAP [77], XNAS [78], GraphNAS [10], GAUSS [79] and
D2GNAS [80], graph structure learning methods: GRCN [81],
NodeFormer [82] and HES-GSL [83] and graph curriculum
learning methods CLNode [47], RCL [49] and TSS [84]. The
hyperparameters of baselines are kept the same as in their
original implementation. For our model, we set the number
of layers as 2. The candidate operations contain GCN [5],
GAT [6], GrpahSAGE [85], ARMA [75] and linear. We also
compare two versions of our method: the full model and
GASSO, i.e., only removing noisy edges but without adding
potential edges and curriculum strategies.

For TAG node classification tasks, we adopt the datasets
and configurations in line with GLBench [86] and perform
experiments on Cora, Citeseer, Pubmed [87], WikiCS [88]
and Instagram [89]. All dataset splits strictly follow the
default settings given by the benchmark’s corresponding
files. Our method’s performance was evaluated against
that of the majority of baseline approaches on TAG bench-
marks, including handcrafted GNNs GCN [5], GAT [6], and
GraphSAGE [85], NAS algorithms DARTS [15], GAUSS [79],
and D2GNAS [80], and all aforementioned graph structure
learning and curriculum learning methods. Additionally,
several pretrained language models (PLMs) with varying
parameter sizes: Sentence-BERT (22M) [90], BERT (110M) [91],
and RoBERTa (355M) [92], and several state-of-the-art tech-
niques that fuse LLM and GNN: GIANT [93], OFA [88],
TAPE [59], ENGINE [94], GraphText [95], GraphAdapter [89],
LLaGA [96] and GLEM [97] are likewise taken into account in
the comparison. For the baseline results of LLM-based meth-
ods, we directly leverage those reported in GLBench [86].
Although our approach employs Sentence-BERT [90] as the
LM backbone, it can be easily extended to incorporate larger
language models such as LLaMA [98]. Therefore, for a fair
comparison, we also include methods utilizing LLaMA in
their implementation with a greater number of parameters
in our evaluation.

5.2 Performance Evaluation
We summarize the results of node classification on graphs
without semantic attributes in Table 2, and on TAGs in Table 3.
All results in the table are averaged over 5 runs with random
parameter initialization.

The results indicate that our proposed model, Curriculum-
GraphLLM, can effectively leverage the information con-
tained in the original graph, as well as the semantic insights
captured through text modeling, resulting in improved
node label predictions. In particular, our model achieves
consistently competitive or superior average performance
compared to the baselines, demonstrating its effectiveness
in node classification tasks under both graph settings. It is
worth noting that the absolute improvements on several
clean graph benchmarks are moderate. This is expected
because these widely used datasets have become highly
saturated, and many recent baselines already achieve strong
performance under clean graph settings.

5.3 Denoising Analysis
In this section, we evaluate the denoising ability of our
proposed model. We follow the experimental settings used
in previous works [29], [99], [100], where only the largest
connected component of the graph is considered, and the
training/validation/testing sets are split at 10%/10%/80%.
We use two approaches to add noise to the graph structure:
adding and flipping. For the adding setting, we manually
add random edges to the datasets with different perturbation
rates, ranging from 0% to 100% with a step of 20%. For
the flipping setting, we manually flip the existence or non-
existence of edges between pairs of random nodes, using
perturbation rates from 0% to 100% as well. We compare
our proposed methods with baselines of graph structure
learning GRCN and Nodeformer along with NAS algorithms
DARTS and GASSO. We use our model to examine the effect
of denoising, as well as mining potential connections. The
results are shown in Figure 3 and Figure 4.

We observe that DARTS has an unstable denoising ability.
It performs very well on PubMed, where the accuracy almost
remains the same as on the original graph even when there
is a 100% perturbation rate of edges. However, it performs
poorly in the other two cases (Cora and CiteSeer). Structure
learning baselines exhibit such instability as well. Meanwhile,
although GRCN shows significant shortcomings under the
two denoising configurations on PubMed, GSL approaches
demonstrate a clear advantage over DARTS across other
experimental conditions. Our proposed model consistently
outperforms the baselines in most cases of the two settings
and all three datasets. Our model leads a margin of around
15% in CiteSeer and 6% in Cora compared to DARTS at a
100% perturbation rate in the adding setting. Moreover, the
margins increase to 16% in CiteSeer and 12% in Cora at a
100% perturbation rate in the flipping setting. Those figures
shrink by an average of 50% when GSL methods are applied
in corresponding settings. However, a substantial gap still
exists between them and our model, indicating that our
approach greatly benefits the prediction task in such highly
noisy graphs. Additionally, our model outperforms GASSO
in all cases, verifying the usefulness of adding potential
edges and graph curriculum strategy.
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TABLE 2: The performance of node classification on six benchmark graph datasets. The average performance and standard
deviations over 5 runs are reported. The best results are in bold, while the second-best methods are underlined for emphasis.

Dataset Cora CiteSeer PubMed CS Physics Photo

GCN (2017) 87.38± 0.15 79.02± 0.07 88.24± 0.20 93.36± 0.37 95.94± 0.16 94.02± 0.34
GAT (2018) 87.26± 0.08 77.82± 0.11 86.83± 0.11 92.42± 0.55 95.89± 0.23 94.02± 0.30
ARMA (2022) 86.06± 0.05 76.50± 0.00 88.70± 0.24 94.18± 0.21 96.57± 0.10 94.46± 0.50

DARTS (2019) 86.18± 0.36 74.96± 0.10 88.38± 0.18 93.57± 0.76 96.31± 0.37 89.73± 5.15
GASSO (2021) 87.63± 0.29 79.61± 0.32 90.52± 0.24 94.45± 0.36 96.84± 0.21 93.74± 0.46
GDAS (2019) 85.48± 0.30 74.20± 0.11 89.50± 0.14 93.74± 0.34 96.56± 0.35 94.39± 0.59
ASAP (2020) 85.21± 0.13 75.14± 0.09 88.65± 0.10 92.40± 0.29 95.98± 0.21 93.62± 0.32
XNAS (2019) 86.80± 0.14 76.33± 0.09 88.61± 0.25 92.55± 1.24 95.78± 0.63 90.60± 5.07
GraphNAS‡ (2020) 86.83± 0.56 79.05± 0.28 89.99± 0.43 93.90± 0.12 96.31± 0.07 93.13± 0.28
GAUSS (2022) 87.10± 0.25 78.56± 0.56 88.64± 0.33 93.78± 0.11 96.44± 0.05 94.13± 0.07
D2GNAS (2024) 86.65± 0.35 77.47± 0.50 89.12± 0.27 95.12± 0.08 96.60± 0.04 94.64± 0.20

GRCN (2020) 86.30± 0.33 75.25± 0.41 84.20± 0.19 94.69± 0.01 95.40± 0.06 93.74± 0.12
NodeFormer (2022) 86.96± 0.09 79.62± 0.04 90.20± 0.22 95.16± 0.04 95.99± 0.03 93.45± 0.30
HES-GSL (2024) 77.78± 1.11 76.24± 0.93 88.24± 0.44 90.49± 0.45 94.75± 0.25 85.67± 1.09

CLNode (2023) 86.60± 0.64 78.99± 0.57 89.50± 0.28 94.13± 0.34 96.87± 0.45 93.90± 0.42
RCL (2023) 87.15± 0.44 79.79± 0.55 90.14± 0.43 95.06± 0.12 96.86± 0.16 94.46± 0.18
TSS (2024) 86.24± 0.47 77.14± 0.72 86.10± 0.33 88.55± 0.10 94.83± 0.50 80.30± 1.24

Curriculum-GraphLLM (Ours) 88.00± 0.29 79.87± 0.09 90.87± 0.38 95.47± 0.19 96.98± 0.06 94.74± 0.16

‡ We rerun GraphNAS because their original code leaks the test data set.
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Fig. 3: The performance under adding perturbation settings.
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Fig. 4: The performance under flipping perturbation settings.

To better demonstrate the effectiveness of our denoising
process in the adding setting, we show the ratio in weights
of noisy edges compared to original edges in Figure 5.
We choose the case of 100% perturbation rate in Cora and
CiteSeer. The first 20 epochs are the warm-up stage and thus
are not shown in the figure. We can observe that the weight
ratio continues to decrease and tends to stabilize at around
82.5% in both cases, indicating that we can exclude 17.5% of
the noise effect. All the above results show that our model is
very effective in reducing noise that can interfere with NAS
methods.

We also show the probability ratio that a flipped edge
should be added back compared to a non-existent edge
under the flipping setting in Figure 6 to demonstrate the
effectiveness of our edge addition process. We find that in
all three datasets, the flipped edges have a much higher
probability of being recovered by our approach than other
non-existent edges. For example, in PubMed, the deleted
edges have an 80 times higher probability of being recovered
by our method than non-existent edges. This ability makes
our model more stable in graphs with a lot of missing edges.
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TABLE 3: The performance of node classification on five TAG datasets. The average performance and standard deviations
over 3 runs are reported. The highest results are highlighted in bold, while the second-best methods are underlined for
emphasis. Rank means the average rank among all datasets. OOM means out of memory.

Dataset Cora CiteSeer PubMed Instagram WikiCS Rank

GCN (2017) 76.72± 0.94 67.85± 0.39 76.49± 0.39 66.24± 0.50 79.96± 0.06 10.60
GAT (2018) 77.97± 0.51 67.58± 0.47 76.54± 0.41 65.20± 0.08 79.80± 0.29 11.60
GraphSAGE (2017) 79.71± 0.53 67.23± 0.87 76.38± 0.69 66.64± 0.10 79.00± 0.22 10.60

DARTS (2019) 77.14± 0.57 65.50± 3.53 77.38± 1.75 65.50± 1.40 76.48± 0.41 14.20
GASSO (2021) 80.50± 1.11 68.07± 0.53 78.99± 2.47 65.00± 1.73 78.17± 0.29 9.00
GAUSS (2022) 80.32± 1.22 66.65± 1.19 78.66± 1.63 63.84± 0.22 79.77± 0.27 10.50
D2GNAS (2024) 78.35± 1.92 63.26± 4.12 77.86± 2.37 66.36± 0.93 79.27± 0.07 12.10

GRCN (2020) 82.29± 1.05 71.49± 1.79 78.58± 1.16 66.66± 0.07 77.52± 0.04 7.00
NodeFormer (2022) 78.58± 2.39 67.63± 0.68 76.20± 1.27 66.53± 0.50 73.48± 0.95 12.80
HES-GSL (2023) 73.34± 0.43 64.94± 3.26 77.68± 0.81 63.33± 0.32 61.21± 0.57 18.40

CLNode (2023) 82.09± 0.89 66.85± 2.07 78.59± 2.01 63.76± 0.31 78.95± 0.75 10.60
RCL (2023) 78.35± 1.51 64.51± 3.26 78.96± 0.95 65.62± 0.48 78.28± 0.38 12.10
TSS (2024) 81.06± 1.03 65.41± 2.74 78.89± 1.24 63.55± 0.01 78.79± 0.44 11.60

Sent-BERT (22M) (2019) 55.58± 4.94 58.00± 1.76 60.09± 2.50 64.65± 0.36 64.71± 3.67 22.00
BERT (110M) (2019) 56.91± 2.74 62.09± 1.49 57.37± 2.66 62.02± 0.47 78.07± 0.48 21.60
RoBERTa (335M) (2019) 60.27± 7.43 67.76± 1.99 64.22± 0.11 59.26± 1.39 80.41± 0.28 16.60

GIANT (2022) 79.92± 0.22 69.89± 0.88 76.65± 1.41 64.31± 0.96 80.73± 0.16 9.20
TAPE-TA (2024) 80.32± 1.18 64.95± 1.01 75.11± 1.29 65.17± 0.40 79.70± 0.46 13.10
OFA (2024) 73.81± 0.86 64.72± 0.64 74.55± 0.62 60.34± 0.15 77.78± 0.04 19.40
ENGINE (2024) 81.58± 0.65 71.12± 0.76 75.94± 0.72 67.17± 0.53 81.64± 0.35 6.20
GraphText (2023) 70.81± 1.23 62.56± 0.83 75.78± 0.81 65.27± 0.45 67.08± 7.11 19.00
GraphAdapter (2024) 71.82± 0.32 68.73± 1.09 72.14± 0.23 67.51± 0.20 70.40± 0.34 14.00
LLaGA (2024) 73.24± 0.13 30.84± 0.26 43.08± 0.12 60.77± 0.31 63.07± 0.23 23.20
GLEM (2023) 79.19± 0.25 71.62± 0.60 79.64± 3.56 OOM 82.16± 0.19 8.40

Curriculum-GraphLLM (Ours) 83.91± 0.81 73.99± 1.14 81.46± 0.74 67.44± 0.18 82.99± 0.06 1.20
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Fig. 5: The ratio in weights of noisy edges to the
original edges in the graph under the adding
perturbation setting.
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Fig. 6: The probability ratio that a flipped edge should be added back
compared to a non-existent edge under the flipping perturbation setting.

5.4 Ablation Study

5.4.1 Non-text-attributed graphs

On non-text-attributed graphs, our proposed Curriculum-
GraphLLM method comprises three crucial components:
curriculum learning, graph neural architecture search and
graph structure learning. To evaluate the contribution of
these components and their cooperative patterns, we conduct
ablation studies in this section, where we design several
variants of the model classified into three groups.

(1) The first group of variants modifies the graph structure
learning model with different regularization of smoothness.
Note that none of these variants can add potential edges.
Specifically, we consider five variants:

• noCur: we remove the curriculum learning strategy
and directly use a joint optimization of structure and
architecture.

• noStru: we remove the structure learning part and use
our initial G so that the model becomes equivalent to

TABLE 4: The results of ablation studies.

Dataset Cora CiteSeer PubMed

Curriculum-GraphLLM 88.00± 0.29 79.87± 0.09 90.87± 0.38
GASSO 87.63± 0.29 79.61± 0.32 90.52± 0.24

-noCur 87.67± 0.27 79.69± 0.35 90.63± 0.31
-noStru 87.19± 0.24 78.71± 0.16 90.30± 0.46
-oriSmooth 87.17± 0.26 78.62± 0.22 90.13± 0.33
-labSmooth 87.35± 0.19 78.80± 0.33 90.26± 0.44
-simWeight 87.31± 0.21 79.04± 0.34 89.12± 0.18

-NoNAS 86.44± 0.43 77.72± 0.33 89.09± 0.39
-GCN† 87.22± 0.64 79.31± 0.35 86.55± 0.28
-GAT† 86.55± 0.28 78.13± 0.68 87.46± 0.28

-Stru-NAS 87.14± 0.37 78.38± 0.24 90.40± 0.39
-NAS-Stru 87.37± 0.24 78.22± 0.42 90.24± 0.30

† The number of channels in these models is expanded to ensure
that they have a comparable number of parameters to Curriculum-
GraphLLM.
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DARTS.
• oriSmooth: we replace the hidden feature smoothness

with the original feature smoothness used in [29].
• labSmooth: we replace the hidden feature smoothness

with one-hot predicted label smoothness similar to [30].
• simWeight: we directly calculate edge weight based on

node similarities.
(2) The second group of variants alters the neural archi-

tecture search method. We consider three variants:
• noNAS: we do not update the neural architecture,

but the super network is still kept with all candidate
operations having equal weights.

• GCN: we fix GCN as the architecture.
• GAT: we fix GAT as the architecture.
(3) The third group of variants modifies the optimiza-

tion scheme to validate the cooperation of graph structure
learning and neural architecture search. We consider two
variants:

• Stru-NAS: we split the training of neural architecture
and graph structure and only train the graph structure in
the first half of epochs and train the neural architecture
in the second half. To ensure a fair comparison, the
number of training epochs for this variant is doubled,
and the warming-up procedure is kept unchanged.

• NAS-Stru: the same procedure as Stru-NAS, but the
order of training neural architecture and graph structure
is exchanged.

We evaluate all variants on Cora, CiteSeer, and PubMed
datasets, and the results are presented in Table 4. Overall,
our proposed Curriculum-GraphLLM model outperforms
all variants in all three datasets, demonstrating that opti-
mizing both graph structure and neural architecture search
contributes to our model.

For the first group of variants, we find that no-Cur drops
significantly, indicating that a curriculum strategy greatly
benefits the joint optimization of structure and architec-
ture. We observe that NoStru demonstrates performance
comparable to that of GCN and GAT, which highlights the
significant potential of ensembling within the super network.
Nevertheless, there remains a performance gap between
these models and ours, underscoring the necessity of graph
structure learning. Interestingly, the performance of oriS-
mooth is not as good as noStru, suggesting that using original
feature smoothness to constrain edges may cause more severe
overfitting. The performance of labSmooth indicates that
one-hot predicted label smoothness is somewhat useful, but
neither the original feature nor the one-hot predicted label is
better than the hidden feature for graph structure learning.
SimWeight is a radical method that makes the edge weights
different at the early stage of training.

For the second group of variants, we observe that per-
formance significantly drops in NoNAS, demonstrating that
neural architecture training is of significant importance. GCN
and GAT variants behave differently in the three datasets,
indicating that these datasets have different properties.

For the third group of variants, we notice that Stru-NAS
can be regarded as noNAS followed by neural architecture
search, and NAS-Stru can be regarded as noStru followed
by graph structure learning. The margin of Stru-NAS over
noNAS and the margin of NAS-Stru over noStru demonstrate

TABLE 5: The results of ablation studies on TAGs.

Dataset Cora CiteSeer PubMed

Curriculum-GraphLLM (Ours) 83.91 73.99 81.46
GASSO 80.50 68.07 78.99

-noCoTrain 81.87 71.12 80.66
-noCur 81.58 70.34 80.56
-noAdd 81.82 69.94 80.57
-noStru 81.43 69.88 80.02

-oriSmooth 81.28 69.68 80.03
-labSmooth 81.24 69.52 79.22
-simWeight 81.62 69.91 78.91

that adding neural architecture search after graph structure
learning achieves better performance, while adding graph
structure learning after neural architecture search causes
unstable influence. Nevertheless, neither Stru-NAS nor NAS-
Stru outperforms Curriculum-GraphLLM, demonstrating
that the cooperative training in our proposed method plays
a key role in optimizing the model.

5.4.2 Text-attributed graphs
On text-attributed graphs, we primarily analyze the contribu-
tion of the unified co-training module. We conducted experi-
ments by eliminating the co-training module (-noCoTrain in
the table), relying solely on the raw text representations from
graphs for training without any fine-tuning applied to the
language model’s text encoder. The experimental setup for
the datasets strictly adheres to the benchmark protocols. In
addition, we conducted similar ablation studies in alignment
with the previous section’s paradigm. Results are portrayed
in Table 5. Note that the corresponding items in the table
mirror those configured in the non-TAG framework, while
the -noAdd item refers to the omission of potential edge
addition.

The findings demonstrate that unified co-training not
only enhances the modeling of textual information in text-
attributed graphs but also strengthens the interplay between
the language model and GNN architecture and structure
components. This dual mechanism improves representation
learning by integrating both node-level features and con-
textual information. Furthermore, the ablation experiments
conducted in accordance with the aforementioned section
under the TAG setting provide additional evidence of the
crucial role that these components play in handling diverse
graph patterns.

6 DISCUSSION AND CONCLUSION

6.1 Relationship with Graph Foundation Models

Foundation models, including graph Transformers and graph
foundation models, have shown strong potential in graph
representation learning [44], [59], [97], [101]. Nevertheless,
Curriculum-GraphLLM is not intended to replace over-
parameterized foundation models in data-rich and clean
settings. Instead, it provides a complementary task-adaptive
framework for noisy, label-scarce, domain-specific, and
resource-constrained graph scenarios, where task-specific
architecture and topology optimization remain important.
In particular, large model capacity does not automatically
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eliminate structural noise caused by missing or redundant
edges, while our dynamic topology updating and curriculum-
based edge selection explicitly refine graph structures during
architecture search. Therefore, Curriculum-GraphLLM can
also complement graph foundation models as a topology
refinement module, lightweight downstream adapter, or
student architecture search component.

6.2 Conclusion
In this paper, we explore graph neural architecture search
in the presence of structural and semantic noise. Specifically,
we conduct a systematic investigation into how graph
architecture search can select optimal architectures through a
measurement study. Our findings indicate that differentiable
graph architecture search is capable of selecting suitable
operations by leveraging the informativeness in the graph.
However, it may be susceptible to noise present in node
features and graph structures. Based on these findings, we
propose our Curriculum-GraphLLM model, which jointly
optimizes graph architecture and structure with a curriculum
strategy, as well as introducing a unified co-training module
to enhance the understanding of the text semantics. As
such, the proposed Curriculum-GraphLLM is able to handle
structural and semantic noise simultaneously.
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