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ABSTRACT

Nowadays, real-world data, including graph-structured data, often arrives in a
streaming manner, which means that learning systems need to continuously acquire
new knowledge without forgetting previously learned information. Although
substantial existing works attempt to address catastrophic forgetting in graph
machine learning, they are all based on training from scratch with streaming
data. With the rise of pretrained models, an increasing number of studies have
leveraged their strong generalization ability for continual learning. Therefore,
in this work, we attempt to answer whether large language models (LLMs) can
mitigate catastrophic forgetting in Graph Continual Learning (GCL). We first
point out that current experimental setups for GCL have significant flaws, as the
evaluation stage may lead to task ID leakage. Then, we evaluate the performance
of LLMs in more realistic scenarios and find that even minor modifications can
lead to outstanding results. Finally, based on extensive experiments, we propose a
simple-yet-effective method, Simple Graph Continual Learning (SimGCL), that
surpasses the previous state-of-the-art GNN-based baseline by around 20% under
the rehearsal-free constraint. To facilitate reproducibility, we have developed
an easy-to-use benchmark LLM4GCL for training and evaluating existing GCL
methods. The code is available at our repository.

1 INTRODUCTION

Graph Machine Learning (GML) has become a cornerstone of modern data science, enabling intelli-
gent systems to analyze complex relational structures across domains such as social networks (Fan
et al., 2019), financial networks (Han et al., 2025; Li et al., 2022; Yang et al., 2025), recommendation
systems (Li et al., 2025b; Wu et al., 2022), and biological structures.(Chen et al., 2023; Wang et al.,
2022). Currently, with the remarkable capability to model diverse graph structures and node attributes,
Graph Neural Networks (GNNs) have emerged as a prevalent approach for GML tasks. However,
most existing approaches assume a static setting where the entire dataset and label space are known
in advance. In contrast, real-world graphs are dynamic in nature, as new nodes, edges, and even
previously unseen classes may appear over time. This evolving structure introduces the need for
Graph Continual Learning (GCL), where models must incrementally integrate new knowledge while
retaining previously learned information. Although significant progress has been made in GCL, with
numerous studies (Liu et al., 2021; 2023b; Niu et al., 2024a; Zhang et al., 2023a; 2022b;c; 2023b;
Zhou & Cao, 2021), substantial challenges still remain unresolved:

* A Lack of investigation into the rationality of experimental setups in GCL. This paper focuses
specifically on the more mainstream and challenging setting of Node-level Class-Incremental
Learning (NCIL). Based on the scope of each task’s test set, we divide NCIL into two categories:
local testing and global testing. Although numerous works have been proposed within each
category, there is currently no study that analyzes the rationality of the setups.

» Existing methods are all trained from scratch on streaming graph-structure data. The great
success of pretrained models like GPT (Achiam et al., 2023) and CLIP (Radford et al., 2021) in
fields such as natural language processing and computer vision has provided new opportunities
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for continual learning. However, due to a lack of powerful foundation models in GML, existing
baselines are all trained from scratch.

* No existing studies that evaluate the performance of LLM-based methods in GCL. Currently,
LLM-based methods have achieved state-of-the-art performance in node classification tasks (Li
et al., 2024b; Wu et al., 2025), significantly outperforming traditional GNN models. However, there
is a lack of benchmark evaluations assessing the performance of these models in the GCL setting.

To fill these gaps, we systematically analyze the NCIL task and explore the opportunities for mitigating
catastrophic forgetting in GCL via LLMs. Specifically, we first identify a flaw in the local testing
setting of NCIL, where task ID leakage occurs. This causes class-incremental learning to degrade into
task-incremental learning, significantly reducing the task’s difficulty. We employ an extremely simple
method to predict the task ID with 100% accuracy, achieving a forget-free performance and matching
the results of the previous SOTA model (Niu et al., 2024b). Subsequently, we systematically evaluate
the performance of LLMs and Graph-enhanced LLMs (GLMs) in global testing, a more realistic and
challenging setting. We find that by incorporating common techniques such as Parameter Efficient
Fine-Tuning (PEFT) or prototype classifiers, it is possible to leverage the strong generalization ability
of pretrained models to surpass existing baseline methods. Finally, based on extensive experiments,
we propose a simple yet effective method called SimGCL (Simple Graph Continual Learning for
short). Technically, to better incorporate graph structural knowledge, we design ego-graph-derived
prompts for each node, which effectively capture textual and structural features of the nodes. Then, in
the first session, we applied LoRA (Hu et al., 2022) to efficiently fine-tune the LLMs with instruction
tuning, aiming to narrow the distribution gap between the specific dataset and the pretrained dataset.
In the incremental sessions, we utilize a training-free prototype classifier for prediction, avoiding
parameter updates caused by the arrival of new knowledge, which greatly alleviates catastrophic
forgetting. Based on experiments in NCIL and Few-Shot Node-level Class-Incremental Learning
(FSNCIL), our proposed SimGCL can significantly surpass the current SOTA models.

In summary, our main contributions are as follows:

* Analysis of the rationality of experimental setups. This paper is the first to analyze the flaws in
certain experimental setups in GCL and prevent task ID leakage.

* Comprehensive benchmark. We propose LLM4GCL, the first comprehensive benchmark for
LLMs on GCL. We integrate 9 LLM-based methods and 7 textual-attributed graphs for evaluations.

* Model design. We propose a simple yet effective model, SimGCL, which is able to surpass all
existing baselines and achieve an absolute increase of nearly 20% on certain datasets.

» Easy-to-use platform. To facilitate future work and help researchers quickly use the latest models,
we develop an easy-to-use open-source platform. We hope to encourage more researchers to explore
the use of pretrained models to mitigate catastrophic forgetting in GCL. The code is available at:
https://anonymous.4open.science/r/LLM4GCL-ICLR.

2  FORMULATIONS AND BACKGROUND

Text-attributed Graphs (TAGs). In this benchmark, we evaluate the continual learning capabilities
of LL.Ms through node classification tasks on Text-Attributed Graphs (TAGs) (Ma & Tang, 2021).
Formally, a TAG is represented as G = (V, £, R), where V is the set of N nodes, & is the edge set,
and R is the collection of textual descriptions associated with each node v; € V. Traditionally, the
textual attributes of nodes can be encoded into shallow embeddings as X = [x1,Xs, ..., Xy] € RV X4,
where d is the embedding dimension. Such an approach is widely adopted in the graph neural network
literature. In contrast, LLM-based approaches directly process the raw text. Given a TAG with labeled
nodes V', the node classification task aims to predict the labels of the unlabeled nodes V*.

Node-Level Class-Incremental Learning (NCIL). NCIL represents a fundamental paradigm in
GCL, addressing incremental node classification tasks in an expanding graph G. As shown in
Figure 1, NCIL consists an ordered sequence of training tasks {7, , ..., 75, } where each task 75, =
{Gs,,Cs,, VL. } consists of a task subgraph G,, C G, a class set C,,, and labeled nodes V! , with
G5 NGs;, = Cs, NCs; = Fand [Cy,| = |Cy, |, VL] = |VL, | forall i # j. In NCIL, the model is
trained sequentially from 7, to 7, . This paradigm well reflects the real-world applications, where
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Figure 1: The settings of LLM4GCL. Upper : The training pipelines for NCIL (left) and FSNCIL
(right), where the model is trained exclusively on the graph of the current task to predict its corre-
sponding classes. Lower-left : Two testing methods: global testing, which uses the complete graph
with inter-session edges, and local testing, which evaluates the model on each task-specific graph
sequentially. Lower-right : The Task ID Leakage issue inherent in local testing, where the model
can infer the task ID of a given test graph via pooling and prototype matching.

new categories (e.g., new products for recommendation systems or novel research fields for citation
networks) are continually incorporated into the graph in a streaming manner as the domain evolves.

Few-Shot Node-Level Class-Incremental Learning (FSNCIL). Newly emerged categories always
contain a few samples. Consequently, it is difficult to collect sufficient samples for incremental tasks
that match the initial task’s scale, leading to the FSNCIL paradigm. Given an ordered sequence
of training tasks {7s,, 7s,, .., Ts,_, } Where T, serves as the base session and subsequent 7y,
(1 € {1,2,...,n—1})represent incremental sessions, each 75, = {Gs,,Cs,, Vél} satisfies G5, NGy, =
Cs, NCs; = @ foralli # j,and G,, N Gy, = Cs, N Cs, = @. Distinct from NCIL, in FSNCIL, the
base session contains both more samples and more classes than incremental sessions which follow a
strict m-way k-shot paradigm, i.e., |Cs,| > |Cs,| = |Cs;| = m and |V‘£U| > |V‘£1’| = |V£J| = k for
1 < i < j'. During training, models are pre-trained on the base session 7, , followed by fine-tuning
sequentially on the incremental session sequence 75, — 75, _, .

3 LILM4GCL: A SYSTEMATIC STUDY OF LLMS FOR GCL

3.1 LEARNING SCENARIOS

LLMAGCL supports both NCIL and FSNCIL paradigms. Prior to this benchmark, existing GCL
methods prevalently adopted the evaluation metrics from CGLB (Zhang et al., 2022a), which we refer
to as the local testing. Specifically, when the i-the task 7, has been trained and the the model need to
be evaluated, this testing manner has an ordered testing task sequence {7, , ..., 74, }, where i < n.
The evaluation process consists of i independent evaluations, with each testing task 7, = {Gg,,Cq, }

(j < 1) leveraging the local subgraph (G,, = ;) and global class set (C,, = UL_, Cs.), respectively.
However, we highlight that this setup has a fundamental flaw: for each task, since testing and
training samples are drawn from the same subgraph, their distribution similarity makes it
trivial to accurately predict task ID, degrading class-incremental to task-incremental learning.
For instance, TPP (Niu et al., 2024b) transductively captures task-specific prototypes utilizing a
Laplacian smoothing-based matching approach, achieving 100% task ID prediction accuracy and 0%
forgetting ratio. However, as demonstrated in Table 1, our analysis reveals that even using a basic

"FSNCIL typically features more classes in its base session than NCIL. Conversely, NCIL includes more
classes and samples than the incremental sessions of FSNCIL. For a direct comparison of these settings, see
Appendix B.1; detailed experimental configurations are provided in Appendix B.3, Table 6.
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Table 1: Performance evaluation on three pipelines: (1) GNN for feature aggregation + TPP (Laplacian
smoothing) for prototype generation; (2) GNN aggregation + standard mean pooling (MP) for
prototypes; (3) MLP aggregation + MP for prototypes. AA and AF represent average accuracy and
forgetting ratio across all sessions.

Cora Citeseer WikiCS Photo Products Arxiv-23 Arxiv
AA AF AA AF AA AF AA AF AA AF AA AF AA AF

Backbone Method

GNN TPP 952 -0.0 879 -0.0 936 -0.0 913 -00 89.6 -00 91.6 -0.0 857 -0.0
GNN MP 952 -0.0 879 -0.0 936 -0.0 913 -00 89.6 -00 91.6 -0.0 857 -0.0
MLP MP 90.3 -0.0 869 -0.0 8.2 -0.0 790 -00 831 -00 888 -0.0 81.6 -0.0

mean pooling operation to get prototypes achieves flawless task ID prediction. Furthermore, with
accurate task identification, the model can also attain substantial performance by discarding the GNN
entirely and simply employing task-specific two-layer MLPs for classification?. Consequently, we
argue that this evaluation method is fundamentally flawed, as it fails to accurately assess the model’s
genuine continual learning capability. In this paper, we primarily investigate the more challenging
and realistic global testing setup. In global testing, we also have an ordered testing task sequence,
but the difference is that for each testing task 7,, = {G,,,Cq, } (j < 1), the evaluated graph is the

union of the subgraphs from all previous tasks (G,, = (Jl_, Gs.) and the class set is still global

(Cy; = Ui:l Cs_). This setup not only better reflects real-world scenarios but also prevents the issue

of task ID leakage, enabling authentic assessment of continual learning performance?.

In addition to evaluation settings, previous knowledge leakage and label imbalance also constitute
significant concerns for both NCIL and FSNCIL approaches. Since GNNs’ message-passing mech-
anisms inherently aggregate neighborhood information, these edges connecting old and new task
nodes potentially expose previous task knowledge during new task training (Zhang et al., 2022a).
Given that real-world scenarios often prohibit access to previous task data due to privacy or storage
constraints, our benchmark excludes inter-task edges, using only intra-task connections. As for the
label imbalance issue, since each session contains only a limited number of classes, while sample
sizes vary substantially across classes, the imbalance issue becomes pronounced in continual learning
settings. To prevent performance degradation caused by this issue, our benchmark removes the
classes with insufficient samples and utilizes a unified sample size for each remaining class.

3.2 BENCHMARK SETTINGS

Datasets. To ensure comprehensive evaluation, we gather seven diverse and representative datasets:
Cora (He et al., 2023), Citeseer (Chen et al., 2024b), WikiCS (Liu et al., 2023a), Photo (Yan et al.,
2023), Products (Hu et al., 2020), Arxiv-23 (He et al., 2023), and Arxiv (Hu et al., 2020), according
to the following criteria: (1) Multiple domains. LLM4GCL incorporates datasets spanning multiple
domains, including citation networks, web link networks, and e-commerce networks, reflecting
diverse real-world applications; (2) Diverse scale and density. LLM4GCL datasets cover a wide
range of scales, from thousands to hundreds of thousands of nodes. Moreover, the density of these
datasets also varies significantly, supporting a robust evaluation of the model’s effectiveness; (3)
Various sessions. LLM4GCL datasets provide varied session settings of both total session number and
classes per session, allowing comprehensive analysis of the model’s continual learning performance.
The statistics of these datasets and descriptions are provided in Appendix B.3.

Baselines. LLM4GCL evaluates three baseline categories differentiated by backbone integration
strategies: (1) GNN-based methods, including Vanilla GCN (Kipf & Welling, 2016), EWC (Kirk-
patrick et al., 2017), LwF (Li & Hoiem, 2017), Cosine, and TPP (Niu et al., 2024b) for NCIL, with
TEEN (Wang et al., 2023a) added for FSNCIL; (2) LLM-based methods, including encoder-only
BERT (Devlin et al., 2019) and RoBERTa (Liu et al., 2019), decoder-only LLaMA (Touvron et al.,
2023), and RoBERTa integrated with SimpleCIL (Zhou et al., 2025); (3) GLM-based methods,
including two LLM-as-Enhancer method GCNgp,,, (Wu et al., 2025) and ENGINE (Zhu et al., 2024),
and three LLM-as-Predictor approaches GraphPrompter (Liu et al., 2024), GraphGPT (Tang et al.,
2024a), and LLaGA (Chen et al., 2024a). Extended descriptions are provided in Appendix B.4 and C.

2Smoothing and mean pooling are applied to all nodes of each test graph Gg, » as shown in Figure 1.
3For comprehensive discussion on the two test settings, and the details of TPP, please see Appendix B.2.
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Metrics. In LIM4GCL, we employ Accuracy as the evaluation metric. Following established
continual learning benchmark (Rebuffi et al., 2017), we define A; as the accuracy after the i-th
training task. The final metrics for both NCIL and FSNCIL are A = % >, A; and Ay, which
refer to the average accuracy across all tasks and the accuracy after the last task, respectively. These
two metrics can well assess the model’s overall performance and ultimate knowledge preservation.

3.3 SiIMGCL: A SIMPLE YET EFFECTIVE GLM-BASED APPROACH FOR GCL

Currently, the application of LLMs

. Graph Prompt Template
and GLMs to GCL tasks remains P 2 P
You are a good graph reasoner. Given a graph description from Cora dataset,
nascent. To the beSt Of our knOWI' understand the structure and answer the question. <Target node> <Node attribute>,
edge there are no eXisting LILM- or known neighbor papers at hop 1: <1-hop neighbors> <Node attributes>, known
b

neighbor papers at hop 2: <2-hop neighbors> <Node attributes>.

GLM-based methods specifically de-

Signed for GCL tasks. While directly Question: Please predict which of the following sub-categories of Al does this paper
. . belong to. Choose from the following categories: <categories>.

employing GLMs offers a straightfor-

ward solution by combining evolving ©  Ghnsmm i . (" Answer:

. , g A B _ | | RuleLearning
graph structures with LLMs’ general- g \ T N
N . ey, . . J ) | Case Based
ization capab}htles, this approach in- ; & LLM Transformers | -5omccc :
curs substantial computational over- LoRA Tuning . Neurai Networks |
head. Furthermore, as new tasks ac- Prototype
cumulate, LLMs’ general knowledge y \ Rl mied e
. . . ! SH ‘, [
progressively degrades, resulting in a e g %%3 E
biased preference toward newer tasks. g L o TS S o

Co

Consequently, we propose SimGCL, NG o O N LLM Matching
as depicted in Figure 2, which demon-

strates two advantages: (1) Efficiency. Figure 2: Proposed SimGCL framework, which executes two
SimGCL only requires a single round stages: (1) fine-tuning with graph prompts and instructions,
of instruction tuning in the first ses- followed by (2) training-free prototype generation and classi-
sion, dramatically reducing training fication using LLM-generated node embeddings.

costs. (2) Generalization. SimGCL

constructs class prototypes directly from the embeddings produced by its fine-tuned LLM. This
training-free approach avoids parameter updates, thereby mitigating catastrophic forgetting.

Instruction Tuning. The instruction tuning phase facilitates LLM adaptation to graph-structured
tasks by bridging the distributional gap between the pretraining corpus and target task datasets.
Inspired by (Wang et al., 2025), we employ a neighborhood-aware graph prompt to guide the
LLM’s processing. Derived from each node’s ego-graph G,, this prompt template comprises three
components: (1) Task description outlining the scenario and dataset; (2) Graph structure incorporating
target node attributes and neighborhood structure, with each node represented in the format of [Node
ID] [Node Text];and (3) Question that specifies requirements and label text options. Moreover,
to ensure training efficiency, we limit LLM tuning to the first session and adopt LoRA (Hu et al.,
2022) instead of full-parameter fine-tuning to prevent overfitting.

Prototype Generation and Classification. Following instruction tuning, SimGCL progressively
generates class prototypes across sessions. Formally, let fy : (7prompt, Gv) — h,, denote the LLM’s
mapping from inputs to final-layer embeddings, the prototype c; for class ¢ is computed as:

1 RZY]
Ci= 3 Zﬂ(yj =i)h,; ()

j=1

where K = Zlﬁi’l‘ I(y; = %), with | V| being the number of labeled nodes in session b where class ¢
appears, and I denotes the indicator function. Then during prediction, for node v; with its embedding
h;, its probability of belonging to class j is formulated as follows:

hi . Cj
e o— v L )
P ey
where 7(7 > 0) is the scaling hyperparameter controlling the weight distribution. This training-free
approach effectively preserves class-discriminative features across sessions, simultaneously reducing

computational cost for new sessions while alleviating catastrophic forgetting in LLMs.
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Table 2: Performance comparison of GNN-, LLM-, and GLM-based methods in the NCIL scenario
of LLM4GCL. The best and second results are highlighted.

7C0ra Qiteseer VyikiCS }‘hoto Pfoducts A}'xiv-23 Arxiv

Methods 74y A4 Av A Av A Av A Ay A Av A An
GCN 57.0 382 524 302 549 349 46.5 199 255 54 199 29 212 1.5
EWC 56.0 31.0 459 285 553 33.0 469 205 294 159 257 150 249 13.8
LwF 55.7 30.8 47.8 282 550 340 458 204 260 75 21.1 6.8 189 1.6
Cosine 654 452 50.7 31.0 66.5 535 63.6 496 36.1 16.1 36.1 242 374 2738
TPP 457 137 454 96 351 98 363 57 150 00 122 03 196 34
BERT 56.0 299 53.8 28.7 584 30.0 434 184 269 4.1 27.1 51 260 9.7
RoBERTa 546 29.6 54.1 28.6 55.1 30.8 43.5 19.1 27.6 32 23.1 08 244 14
LLaMA 65.6 53.8 557 31.7 555 309 446 19.1 298 04 243 1.0 249 14
SimpleCIL 70.8 583 664 495 714 573 62.1 525 66.8 52.6 524 38.8 50.6 36.5
GCNLLMEmb 59.1 31.1 53.6 304 534 275 477 21.0 269 0.1 229 08 243 14
ENGINE 59.2 31.3 535 29.8 564 30.1 479 21.0 272 1.1 225 07 246 13
GraphPrompter 619 46.8 60.2 30.6 59.6 383 515 31.0 29.0 0.8 234 09 248 14
GraphGPT 55.5 31.6 60.0 30.1 62.0 49.2 50.8 30.2 355 32 307 58 322 39
LLaGA 58.2 30.2 513 27.8 53.7 276 472 207 257 02 269 41 26.1 13

SimGCL (Ours) 84.6 80.0 77.1 66.3 73.5 619 821 72.6 71.1 60.2 387 13.6 59.9 33.8

4 EXPERIMENTS AND ANALYSIS

In this section, we conduct extensive experiments to analyze the performance of various methods
on GCL tasks. Specifically, Tables 2 and 3 show the results for the NCIL and FSNCIL scenarios,
respectively. Figure 3 compares the influence of various LLM model sizes, while Figure 4 shows
how the performance changes as the number of sessions increases. Additional experiments, including
results on domain-incremental learning, time-efficiency analysis, and visualizations, are available in
Appendix E. Based on these results, we give the following key observations (Obs.):

Obs. @ GNN-based methods exhibit persistent limitations in both NCIL and FSNCIL scenarios.
As shown in Table 2 and Table 3, GNN-based approaches consistently underperform across all seven
datasets. Notably, even on the small-scale Cora and Citeseer datasets, their final incremental accuracy
(Ap) fails to exceed 50%. This challenge even escalates significantly in larger-scale datasets like
Arxiv-23 and Arxiv, where GCN and LwF achieve merely 1.5% and 1.6%, 2.0% and 3.8% accuracy
after the final session of NCIL and FSNCIL, respectively, underscoring severe catastrophic forgetting.
Moreover, classic CL methods (e.g., EWC and LwF) demonstrate inferior performance to vanilla
GCN on shorter-session datasets and yield only marginal improvements in longer-session scenarios,
while TPP fails to accurately identify task IDs, resulting in severely degraded performance under
global testing settings. These limitations underscore the critical need for novel approaches to address
GCIL and GFSCIL challenges effectively.

Obs. ® LLMs demonstrate higher performance in both NCIL and FSNCIL tasks, even without
explicit graph structure utilization. As shown in Table 2 and Table 3, while the encoder-only
BERT and RoBERTa achieve performance only comparable to or marginally better than GCN, the
decoder-only LLaMA attains a 16.9% improvement on Citeseer in the FSNCIL scenario, while
SimpleCIL surpasses all the GNN-based models in most datasets and metrics (24 out of 28), with
average improvements of 12.93% in NCIL and 9.7% in FSNCIL, respectively. We attribute this
superior performance to the LLM backbone’s exceptional generalization capability for processing
textual features and capturing class-specific semantics. The results also demonstrate the substantial
potential of LLMs in addressing NCIL and FSNCIL challenges.

Obs. ® Current GLM-based methods demonstrate unsatisfactory performance on both NCIL
and FSNCIL scenarios. Contrary to expectations, deliberately designed GLMs fail to achieve
competitive performance, indicating that current GLM approaches exhibit greater limitations in GCL
compared to pure LLM-based methods. We subsequently analyze this phenomenon through two
aspects: @ LLM-as-Enhancer. GCNg,,,;, and ENGINE employ LLMs to augment graph features,
yielding minimal but consistent NCIL improvements (0.2%—3.4% over vanilla GCN). However, in
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Table 3: Performance comparison of GNN-, LLM-, and GLM-based methods in the FSNCIL scenario
of LLM4GCL. The best and second results are highlighted.

7C0ra Qiteseer VyikiCS }‘hoto Pfoducts A}'xiv-23 f&rxiv

Methods A Av A Av A Av A Ax A Ax A Ax A A
GCN 68.0 38.1 395 174 624 474 585 323 360 14.1 222 54 253 20
EWC 59.0 363 492 212 584 404 62.0 284 457 315 364 295 31.5 183
LwF 63.3 435 45.1 20.7 594 410 60.1 294 50.3 387 30.8 15.1 27.8 3.8
Cosine 72.6 57.8 49.1 257 68.0 50.7 67.9 50.5 50.9 336 40.1 279 272 172
TEEN 609 403 59.0 395 593 424 593 355 49.6 284 392 27.1 31.8 18.6
TPP 39.0 9.1 373 126 373 124 400 140 140 00 7.3 00 11.1 6.0
BERT 56.4 347 61.1 38.8 61.7 33.0 477 258 224 38 152 34 149 6.0
RoBERTa 59.6 419 540 292 672 423 582 296 388 69 226 14 257 13
LLaMA 726 556 759 555 652 439 614 323 435 137 235 15 227 14
SimpleCIL 69.6 53.6 64.1 499 732 63.1 66.3 53.0 65.6 53.6 49.8 40.0 46.4 36.6
GCNLLMEmb 68.2 40.1 543 287 547 31.0 66.0 342 306 02 214 1.0 22.1 09
ENGINE 522 283 47.6 255 46.8 237 480 215 209 0.1 174 05 173 14
GraphPrompter 63.2 37.3 653 345 695 51.6 69.7 510 379 22 274 23 273 1.0
GraphGPT 624 396 650 417 712 616 622 389 432 162 254 17 243 20
LLaGA 62.0 39.6 522 28.0 494 304 488 18.0 280 02 182 09 166 1.6

SimGCL (Ours) 78.0 67.6 78.0 63.8 68.8 64.1 81.2 71.3 69.7 62.7 31.8 103 363 6.8

FSNCIL settings, these methods exhibit significant performance degradation across WikiCS, Products,
Arxiv-23, and Arxiv datasets, underperforming vanilla GCN. We attribute this phenomenon to these
models’ tendency to overfit training samples, which is further exacerbated by FSNCIL’s few-shot
learning scenario, ultimately amplifying catastrophic forgetting. These methods still fundamentally
rely on GNN architectures for final predictions, inheriting their limitations in continual learning
scenarios. Given that the GNN’s limited generalization capacity serves as the performance bottleneck,
we argue that LLM-as-Enhancer GLMs are suboptimal for GCL scenarios. @ LLM-as-Predictor.
Among GraphPrompter, GraphGPT, and LLaGA, GraphPrompter demonstrates superior performance,
consistently exceeding GCNEgy,;, across most datasets and metrics. Nevertheless, its advantages over
LLaMA remain limited to specific datasets. We attribute this to two key factors: On the one hand, the
architectural gap between shallow GNNs and deep LLMs leads to divergent parameter updates during
continual learning, worsening inter-modal misalignment, and degrading GLM performance. On the
other hand, GLMs like LLaGA possess strong fitting capabilities, which may lead to over-adaptation
to recent tasks, consequently compromising their generalization and transfer abilities.

Obs. ® Dense graph structures may enhance GLM effectiveness in GCL. Table 2 and Table 3
reveal that LLM-as-Predictor GLMs achieve notable performance gains on the WikiCS and Photo
datasets, with GraphPrompter and GraphGPT ranking as runner-up or third-best models. This
improvement likely stems from these datasets’ higher graph density than datasets like Cora or Products,
providing richer structural information for LLM to better understand the task scenarios and make
predictions. However, all GLMs exhibit suboptimal performance on Arxiv despite their comparable
edge density (6.89 edges/node), suggesting that extended session ranges may disproportionately
compromise LLMs’ generalization capacity, outweighing potential structural benefits.

Obs. ® Prototype-based learning improves cross-task generalization for GNNs and LLMs.
Table 2 and Table 3 demonstrate that prototype-based methods achieve superior performance, with
Cosine and SimpleCIL emerging as optimal approaches for GNN- and LLM-based methods, re-
spectively. In NCIL settings with abundant per-session samples, these methods outperform other
baselines by significant margins (maximum improvements of 29.7% and 39.2% versus GCN and
RoBERTa). This advantage stems from an optimal balance between generalization and plasticity:
Initial session tuning bridges the distribution gap between the initialized or pretrained representations
and target tasks, while subsequent session prototype generation preserves model parameters, main-
taining generalization without catastrophic interference. Moreover, the prototype framework requires
only first-session training, offering significant computational efficiency benefits.

Obs. ® SimGCL consistently overperform GNN-, LLM- and GLM-based baselines. From
Table 2 and Table 3, it is obvious that SImGCL consistently overperform other baselines (23 out
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Table 4: Performance comparison of LLM4GCL baselines in NCIL scenario across different class
sizes (W) and session numbers (S) on Arxiv. The best and second results are highlighted.

Methods _ 8W5S _ 5W8S _ 4w10s ~ 2W208
A A A A A Ay A A
GCN 245 2.0 20.5 L1 21.2 1.5 13.4 0.7
EWC 31.6 19.6 26.2 13.8 24.9 138 15.4 42
LwF 29.2 8.6 22.6 27 18.9 16 142 10
Cosine 35.6 23.2 383 279 37.4 27.8 416 314
RoBERTa 339 39 26.7 2.1 24.4 1.4 15.6 0.3
LLaMA 35.0 3.8 27.6 L5 24.9 1.4 15.9 0.3
SimpleCIL ~ 46.1 314 49.7 359 50.6 36.5 52.6 39.1
GCNitwenmy 337 3.8 26.6 2.0 243 14 15.6 0.3
ENGINE 34.1 3.7 26.5 2.0 24.6 13 157 0.2
GraphPrompter  35.1 2.9 27.8 2.0 24.8 14 16.8 0.4
SimGCL (Ours) 51.6 28.7 53.0 30.4 59.9 33.8 574 175

of 28), with a maximum 21.7% and 18.0% improvement in NCIL and FSNCIL, respectively. The
effectiveness of SimGCL stems from two key factors: (1) its graph-structured instruction tuning and
prompting framework enhances LLMs’ comprehension of graph topology, yielding higher-quality
prototypes enriched with task-specific structural information for more discriminative representations;
(2) unlike GraphPrompter and GraphGPT that rely on GNN-derived representations, SimGCL en-
codes graph information through textual prompts that better align with LLMs’ native input space,
eliminating cross-architecture representation mismatches. However, SimGCL demonstrates relatively
inferior performance on the arxiv-23 dataset and in FSNCIL compared to NCIL, which we attribute
to two factors: (1) The sparse graph structure of Arxiv-23 provides limited topological information,
potentially compromising LLMs’ structural comprehension (Zhu et al., 2024); (2) SimGCL’s ex-
panded tuning set (12 classes vs. 4 classes in NCIL) in FSNCIL may promote overfitting to the initial
session data, thereby diminishing generalization capability for subsequent incremental sessions.

Obs. @ Scaling LLM parameters enhances generaliza-

. . . SimpleCIL
tion. Figure 3 compares the performance of SimpleCIL ] P
. . 90 —8— B-tiny (4.9M)
and SimGCL across LLM backbones of varying parameter 804 4\ Bemini (11.3M)
scales. The results indicate that increased parameter counts | \ I amaned |
consistently enhance generalization capacity across both © B-base (110M)
< 60 B-large (340M)

encoder-only and decoder-only architectures, consequently .

» 501 Ro-large (355M)
boosting GCL performance throughout all task sessions. E 40
Obs. ® LLMs and GLMs are better at dealing with tasks 30
with short-range sessions. Table 4 evaluates model perfor- 1 2 3 4 5 6 7 8 9 10
mance on the Arxiv dataset across varying session and class .
configurations?. In the 8-way 5-session setting, most LLM- 90 SimGCL

LLaMA-8B
—&— LLaMA-3B
—e— LLaMA-1B

and GLM-based methods achieve performance compara- 801
ble to or exceeding top GNN-based approaches. However, <« 4|
this advantage diminishes with increasing session numbers, 3 601
where performance differences between LLM/GLM and j 50
GNN methods become negligible. We attribute this conver- & 40

gence to progressive overfitting during incremental sessions, 301

which increasingly weakens the pretrained models’ gener- 201

alization capacity, ultimately reducing their performance 12345678910
advantage. Furthermore, prototype-based methods (i.e., Co- Task Sessions

sine, SimpleCIL, and SimGCL) demonstrate consistent per-

formance stability across all experimental configurations, as Figure 3: The performance of Simple-
their training-free prototype generation mechanism remains CIL and SimGCL across varying LLM
unaffected by session variations. This property makes them backbone sizes on Arxiv. The 'B” and
particularly suitable for long-session GCL applications. ‘Ro’ refer to BERT and RoBERTa.

’Detailed results for BERT, GraphGPT, and LLaGA are provided in Appendix E.
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5 RELATED WORKS

Continual Learning with Pre-trained Models (PTMs). The application of PTMs to continual learn-
ing was initially explored in Computer Vision (CV) (Zhou et al., 2025; 2024) and Natural Language
Processing (NLP) (Wang et al., 2023b; Zhao et al., 2024b), with Vision Transformer (ViT) (Doso-
vitskiy et al., 2020) and BERT (Devlin et al., 2019) serving as representative implementations in
each domain respectively. Pre-trained on extensive corpora (Brown et al., 2020) rather than trained
from scratch, PTMs exhibit inherent advantages in generalizability (Cao et al., 2023), which supports
flexible algorithm design, including both frozen-backbone approaches in a non-continual manner
(e.g., training-free prototypes (Zhou et al., 2025)) and parameter-efficient tuning (PEFT) methods that
preserve pre-trained weights (e.g., prompt tuning (Jia et al., 2022) and adapter learning (Chen et al.,
2022)). Furthermore, leveraging the lightweight nature of PEFT blocks, there are also methods that
employ orthogonal optimization via auxiliary losses (Wang et al., 2023b) or null-space projection (Lu
et al., 2024) to minimize cross-task interference.

Graph Continual Learning (GCL). While continual learning in CV and NLP focuses on preventing
catastrophic forgetting of semantic representations, GCL must additionally address the forgetting of
learned topological patterns induced by evolving graph structures (Zhang et al., 2024). Typically, GCL
methods can be categorized based on their approach to mitigating catastrophic forgetting, including (1)
regularizing parameter updates through explicit constraints, such as topology weight (Liu et al., 2021)
or knowledge distillation (Hoang et al., 2023; Li & Hoiem, 2017); (2) isolating task-critical parameters,
typically implemented through expanding parameters or model components to accommodate new
knowledge (Zhang et al., 2023a; 2022b); and (3) replaying representative historical data, including
key nodes (Zhou & Cao, 2021), sparsified computational subgraphs (Zhang et al., 2022c; 2023b), and
condensed task-specific graphs (Liu et al., 2023b; Niu et al., 2024a). However, practical constraints
like privacy concerns and storage limitations often prevent access to historical task data, thereby
restricting the applicability of replay-based methods. Therefore, our benchmark primarily focuses on
replay-free approaches.

Graph-enhanced Language Models (GLMs). Recently, with the rapid development of LLMs (e.g.,
RoBERTa (Conneau et al., 2019), LLaMA (Touvron et al., 2023), GPTs (Achiam et al., 2023)),
research interest in leveraging LLMs for graph tasks has grown substantially, resulting in numer-
ous GLM approaches. Generally, these methods can be categorized into three main approaches
based on how LLMs interact with graph structures or GNNs (Jin et al., 2024; Li et al., 2023): (1)
LLM-as-Enhancer (He et al., 2023; Liu et al., 2023a; Zhu et al., 2024), which leverages LLMs to
retrieve node-relevant semantic knowledge, enhancing GNN5’ initial embedding quality; (2) LLM-
as-Predictor (Chen et al., 2024a; Huang et al., 2024; Li et al., 2024a), which employs LLMs to
autoregressively make predictions using graph-structured information, including structural prompts
and GNN-encoded representations; and (3) GNN-LLM Alignment (Jin et al., 2023; Zhao et al., 2022),
which aligns LLMs with GNNs in the same vector space, enabling GNNs to be more semantically
aware. Considering the generalization and semantic understanding capabilities of LLMs, combined
with the graph structure modeling capacity of GNNs and other integrations, GLMs are anticipated to
provide a novel approach to more effectively addressing GCL tasks.

6 CONCLUSION

This paper introduces LLM4GCL, the first comprehensive benchmark for evaluating GCL perfor-
mance of LLMs and graph-enhanced LLMs. Our work makes three key contributions: Firstly,
we systematically analyze the current GCL evaluation paradigm, identifying its critical flaws that
may cause task ID leakage and compromise performance assessment. (2) We evaluate 9 represen-
tative LLM-based methods across 7 textual-attributed graphs, revealing that existing GLM-based
approaches underperform in both NCIL and FSNCIL scenarios due to overfitting tendencies and
LLM-GNN representation misalignment. However, prototype-based modifications enable these mod-
els to achieve state-of-the-art performance, with additional gains attainable through model scaling.
(3) We propose SimGCL, an effective GLM-based approach combining graph-prompted instruction
tuning with prototype networks, which enhances topological understanding while preserving LLMs’
generalization capacity. We believe the proposal of LLM4GCL will establish a foundation for future
research by delineating effective pathways for PTM-graph integration. Moreover, we have made our
code publicly available and welcome further contributions of new datasets and methods.
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A THE USE OF LARGE LANGUAGE MODELS

This work employs large language models for writing assistance and manuscript refinement.

B ADDITIONAL DETAILS ON LLM4GCL

B.1 COMPARISON BETWEEN NCIL AND FSNCIL

In this section, we will give a direct comparison between the two in Table 5.

Table 5: Comparison of NCIL and FSNCIL settings.

Setting  Session Type Samples per Class Classes per Session

NCIL - Sufficient (e.g., 200 samples) Small (e.g., 3 classes)

FSNCIL Base Sufficient (e.g., 200 samples)  Large (e.g., 1/3 total classes)
Incremental Few-shot (e.g., 10 shots) Small (< base, e.g., 3 classes)

B.2 DISCUSSION ON LOCAL TESTING AND GLOBAL TESTING

In this section, we will first introduce the pipeline of TPP (Niu et al., 2024b), followed by a
comprehensive analysis of the two evaluation paradigms: local testing and global testing, supported
by empirical results.

B.2.1 APPROACHES

TPP*. TPP follows the local testing manner and proposes to use a Laplacian smoothing approach to
generate a prototypical embedding for each graph task for task ID prediction. As for the i-th task
with graph data G, = G,, = (A;,, X,,, Vi , V¢'), TPP constructed a task prototype p, based on
the train set {x; | v; € Vé }. Specifically, given training graph G;,, the Laplacian smoothing is first
applied to obtain the node embeddings Zj,:

~ ~ ~

Z,, = (I—(D,,) 2L, (D,,)7%)*X,, 3)

i

where k is the smoothing steps, I is an identity matrix, I:si is the graph Laplacian matrix of Asi ,and

~

D, is the diagonal degree matrix. Consequently, the training task prototype p,, can be generated as:

1 ~ 1
Ps; :|T Z z5i1j(D5iajj) 2 “

8i UJGVéi

Thus, all the task prototypes can be separately constructed and stored as P = {ps,, Ps,; -, Ps,, }-
Similarly, the task prototype of the local testing on G,, = G, can be denoted as:

1 ~ 1
Z ZQi’j(qu',jj) 2 5

Py = Hu
L |V{Z| ’L)jGV;.
: i

Then, during local testing, the task ID prediction is conducted between the train and test prototypes:

tg; = argmin(d(Py,, Ps, ), d(Pg; Ps)s -+ A(Pg;» Ps,, ) (6)

After precisely identifying the task ID, TPP subsequently incorporates a graph prompt learning
framework that assigns distinct prompt vectors to adapt a pretrained GNN for diverse tasks:

T
e(wm) Xq;.d

(N

M
Kaij = Xgij + Y Om®ims Um = <o re— T
m Zl € v

“In this work, we focus solely on formalizing the pipeline of TPP; for rigorous mathematical derivations and
proofs, we direct readers to the original literature.
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where ®; = [¢; 1, hi 2, .., Pinr])?T € RM*F represents the learnable graph prompt for the i-th task,
with M denoting the number of vector-based tokens ¢;. a,, is the importance score of token ¢; ,
in the prompt, while w; corresponds to a learnable projection weight. The final prompted graph
representation G,, = {A,,, X,, + ©;} is then processed by a frozen pre-trained GNN model f (-, -)
to generate predictions:

Vo = 0il f(Aq,, Xq, + ©))) (8)

where ¢; denotes the task-specific MLP layer for the ¢-th task. Crucially, TPP effectively transforms
the class-incremental learning problem into a task-incremental learning paradigm, decom-
posing the overall continual learning objective into multiple independent sub-tasks, thereby
significantly mitigating the learning difficulty.

Mean Pooling. TPP proposes that when applying a sufficiently large number of Laplacian smoothing
iterations k, the distance between training and test prototypes from the same task approaches zero,
while maintaining substantial separation between prototypes belonging to different CIL tasks. This
discriminative property ensures reliable prediction accuracy. To evaluate the effectiveness of this
technique, we implement an ablation model called Mean Pooling, where the Laplacian smoothing
operation is replaced by a basic mean pooling aggregation, formally defined as:

1 1
Ps; = o Z Xsi,j> Pa :‘VT Z Xqi,j &)

i vj EV;L qi ’U]’GV;L_

Under this formulation, the distance between training and test prototypes depends solely on the
feature distributions of the training and testing nodes.

MLP. By decomposing the CIL task into independent subtasks, TPP eliminates the need for session-
wide classification across all accumulated classes. Instead, the model can focus exclusively on
individual subtasks, significantly reducing task complexity. Building upon this observation, we
propose an additional ablation model employing a basic two-layer MLP for classification:

Vo = 0i(Xy,) (10)

B.2.2 EXPERIMENTAL RESULTS

To investigate the impact of Laplacian smoothing and assess subtask complexity, we evaluate the
performance of TPP against two variants, Mean Pooling and MLP, with results presented in Table 1.
We employ the local testing paradigm, where model performance is quantified using two key metrics:
Average Accuracy (AA) and Average Forgetting (AF). These metrics are defined as follows:

n n—1

1 1
AA == "(An ), AF== (A, ;- A;)) (11)

j=1 j=1

where n denotes the total number of sessions, and A; ; represents the model’s classification accuracy
for task 7, after training on task 7,. The experimental results yield two key conclusions:

% Laplacian smoothing demonstrates limited necessity for accurate task identification. Compar-
ative analysis between TPP and Mean Pooling demonstrates that both approaches achieve accurate
task ID prediction. This phenomenon can be explained by the local testing setup, where training and
testing nodes are drawn from the same graph (G5, = G,;,). In this configuration, the feature distribu-
tion similarity between training and testing nodes within each class provides sufficient discriminative
information for reliable task identification. These results indicate that the local testing paradigm is
inherently susceptible to task ID leakage.

# Decomposition into subtasks significantly reduces task complexity. As evidenced by the experi-
mental results, the MLP baseline achieves comparable performance to TPP across Citeseer, WikiCS,
Arxiv-23, and Arxiv datasets, with merely a 3.08% average performance gap. This finding demon-
strates that task decomposition effectively reduces learning difficulty, enabling simpler architectures
to attain competitive performance. However, this characteristic may compromise the evaluation
of models’ true continual learning capabilities, as the simplified subtasks fail to fully capture the
challenges inherent in the original CIL problem.
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Table 6: Statistics and experimental settings for all datasets in LLM4GCL. The symbol **’ indicates
adjusted statistics that differ from the original dataset.

Dataset Cora Citeseer WikiCS Photo Products Arxiv-23  Arxiv
# Nodes 2,708 3,186 11,701 48,362 53,994* 46,196 169,343
# Edges 5429 4277 215,863 500,928 72,242* 78,542* 1,166,243
Attributes # Features 1,433 3,703 300 768 100 300 128
# Classes 7 6 10 12 31* 37* 40
Avg. # Token 1834  210.0 629.9 201.5 152.9* 237.7* 239.8
Domain Citation Citation Web link E-Commerce E-Commerce Citation Citation
# Classes per session 2 2 3 3 4 4 4
NCIL  # Sessions 3 3 3 4 8 9 10
# Shots per class 100 100 200 400 400 400 800
# Base Classes 3 2 4 4 11 13 12
# Novel Classes 4 4 6 8 20 24 28
# Ways per session 2 2 3 4 4 4 4
FSNCIL 4 gesions 3 3 3 3 6 7 8
# Shots per base class 100 100 200 400 400 400 800
# Shots per novel class 5 5 5 5 5 5 5

B.3 DETAILS OF DATASETS

All of the public datasets used in LLM4GCL were previously published, covering a multitude of
domains. For each dataset, we store the graph-type data in the .pt format using PyTorch. This includes
shallow embeddings, raw text of nodes, edge indices, node labels, and label names. The statistics of
these datasets are presented in Table 6, and the detailed descriptions are listed in the following:

* Cora (Chen et al., 2024b). The Cora dataset is a citation network comprising research papers and
their citation relationships within the computer science domain. The raw text data for the Cora
dataset was sourced from the GitHub repository provided in Chen et al.’. In this dataset, each node
represents a research paper, and the raw text feature associated with each node includes the title
and abstract of the respective paper. An edge in the Cora dataset signifies a citation relationship
between two papers. The label assigned to each node corresponds to the category of the paper.

* Citeseer (Chen et al., 2024b). The Citeseer dataset is a citation network comprising research papers
and their citation relationships within the computer science domain. The TAG version of the dataset
contains text attributes for 3,186 nodes, and the raw text data for the Citeseer dataset was sourced
from the GitHub repository provided in Chen et al.. Each node represents a research paper, and
each edge signifies a citation relationship between two papers.

e WikiCS (Liu et al., 2023a). The WikiCS dataset is an internet link network where each node
represents a Wikipedia page, and each edge represents a reference link between pages. The raw
text data for the WikiCS dataset was collected from OFAS. The raw text associated with each node
includes the name and content of a Wikipedia entry. Each node’s label corresponds to the category
of the entry.

* Ele-Photo (Photo) (Yan et al., 2023). The Ele-Photo dataset’ is derived from the Amazon
Electronics dataset (Ni et al., 2019). The nodes in the dataset represent electronics-related products,
and edges between two products indicate frequent co-purchases or co-views. The label for each
dataset corresponds to the three-level label of the electronics products. User reviews on the item
serve as its text attribute. In cases where items have multiple reviews, the review with the highest
number of votes is utilized. For items lacking highly-voted reviews, a user review is randomly
chosen as the text attribute.

* Ogbn-products (Products) (He et al., 2023). The OGBN-Products dataset is characterized by its
large scale, originally containing approximately 2 million nodes and 61 million edges. Following
the node sampling strategy proposed in TAPES, we utilize a subset consisting of about 54k nodes

*https://github.com/CurryTang/Graph—-LLM
*https://github.com/LechengKong/OneForAll
"https://github.com/sktsherlock/TAG-Benchmark
$https://github.com/XiaoxinHe/TAPE
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and 72k edges for experimental use. In this dataset, each node represents a product sold on Amazon,
and edges between two products indicate frequent co-purchasing relationships. The raw text data
for each node includes product titles, descriptions, and/or reviews.

* Arxiv-23 (He et al., 2023). The Arxiv-23 dataset is proposed in TAPE, representing a directed
citation network comprising computer science arXiv papers published in 2023 or later. Similar to
Ogbn-arxiv, each node in this dataset corresponds to an arXiv paper, and directed edges indicate
citation relationships between papers. The raw text data for each node includes the title and abstract
of the respective paper. The label assigned to each node represents one of the 40 subject areas of
arXiv CS papers, such as cs . AT, cs.LG, and cs . OS. These subject areas are manually annotated
by the paper’s authors and arXiv moderators.

* Ogbn-arxiv (Arxiv) (Liu et al., 2023a). The Ogbn-arxiv dataset is a citation network comprising
papers and their citation relationships, collected from the arXiv platform. The raw text data for
the dataset was sourced from the GitHub repository provided in OFA. The original raw texts are
available here®. Each node represents a paper, and each edge denotes a citation relationship.

B.4 DETAILS OF BASELINE MODELS

In LLM4GCL, we integrate 15 baseline methods for NCIL and FSNCIL tasks, including 6 GNN-based
methods, 4 LLM-based methods, and 5 GLM-based methods. We provide detailed descriptions of
these methods used in our benchmark as follows.

¢ GNN-based methods.

— GCN (Kipf & Welling, 2016). The first deep learning model that leverages graph convolutional
layers. In LLM4GCL, we employ a two-layer GCN followed by one MLP layer. We use the code
available at https://github.com/pyg-team/pytorch_geometric.

— EWC (Kirkpatrick et al., 2017). A regularization-based CL method that prevents catastrophic
forgetting through quadratic penalties on key parameter deviations. Parameter importance is
quantified via the Fisher information matrix, maintaining performance on learned tasks during
new task acquisition. We use the code available at https://github.com/QueuQ/CGLB.

— LwF (Li & Hoiem, 2017). LwWF minimizes the discrepancy between the logits of the old model
and the new model through knowledge distillation to preserve knowledge from the old tasks. We
use the code available at https://github.com/QueuQ/CGLB.

— Cosine. Cosine first trains a GNN on the initial task session, subsequently freezes the network pa-
rameters, and leverages a training-free prototype mechanism to generate task-specific prototypes,
ultimately employing cosine similarity for classification.

— TPP (Niu et al., 2024b). A replay-and-forget-free GCL approach that employs Laplacian
smoothing-based task identification to precisely predict task IDs and incorporates graph prompt
engineering to adaptively transform the GNN into a series of task-specific classification modules.
We use the code available at https://github.com/mala—lab/TPP.

— TEEN (Wang et al., 2023a). TEEN is a training-free prototype calibration strategy that addresses
the issue of new classes being misclassified into base classes by leveraging the semantic similarity
between base and new classes, which is captured by a feature extractor pre-trained on base
classes. We use the code available at https://github.com/wangkiw/TEEN.

¢ LLM-based methods.

— BERT (Bhargava et al.,, 2021; Devlin et al., 2019). A Transformer-based model fam-
ily that employs masked language modeling and next sentence prediction pretraining to
learn bidirectional contextual representations. It achieves state-of-the-art performance across
multiple NLP tasks with minimal task-specific modifications. We use the code available
at https://github.com/google-research/bert and https://github.com/
prajjwall/generalize_lm_nli.

— RoBERTa (Liu et al., 2019). An optimized BERT variant family that enhances pretraining
through dynamic masking, larger batches, and extended data. It removes the next sentence
prediction objective while maintaining MLM, achieving superior performance across NLP
benchmarks with more efficient training. We use the code available at https://github.
com/facebookresearch/fairseq/tree/main/examples/xlmr.

‘https://snap.stanford.edu/ogb/data/misc/ogbn_arxiv
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— LLaMA (Touvron et al., 2023). A foundational large language model family featuring ar-
chitectural optimizations like RMSNorm and SwiGLU activations. Trained on trillions of
tokens from diverse public corpora, it achieves remarkable few-shot performance while main-
taining efficient inference compared to similarly-sized models. We use the code available at
https://github.com/meta-1llama/llama-cookbook.

— SimpleCIL (Zhou et al., 2025). A computationally efficient approach that freezes the PTM’s
embedding function and derives class prototypes by averaging embeddings for classifica-
tion, which harnesses the model’s inherent generalizability for effective knowledge transfer
without fine-tuning. We use the code available at https://github.com/LAMDA-CL/
RevisitingCIL.

¢ GLM-based methods.

— GCNgmp- A simple method enhances GNNs by replacing their shallow embeddings with deep
LLM-generated embeddings, where node text descriptions are encoded using LLaMA-8B to
improve representation quality.

— ENGINE (Zhu et al., 2024). A framework adds a lightweight and tunable G-Ladder module
to each layer of the LLM, which uses a message-passing mechanism to integrate structural
information. This enables the output of each LLM layer (i.e., token-level representations) to
be passed to the corresponding G-Ladder, where the node representations are enhanced and
then used for node classification. We use the code available at https://github.com/
ZhuYun97/ENGINE.

— GraphPropmter (Liu et al., 2024). A framework integrating graph structures and LLMs via
adaptive prompts, projecting GNN-based structural embeddings through MLP to align with
the LLM’s semantic space for joint topology-text processing. We use the code available at
https://github.com/franciscoliu/graphprompter.

— GraphGPT (Tang et al., 2024a). A framework that initially aligns the graph encoder with natural
language semantics through text-graph grounding, and then combines the trained graph encoder
with the LLM using a projector, through which the model can directly complete graph tasks
with natural language, thus performing zero-shot transferability. We use the code available at
https://github.com/WxxShirley/LLMNodeBed.

— LLaGA (Chen et al., 2024a). LLaGA uses node-level templates to transform graph data into
structured sequences, then maps them into token embeddings, enabling LLMs to process graph
data with improved generalizability. We use the code available at https://github.com/
WxxShirley/LLMNodeBed.

C DETAILS ON IMPLEMENTATIONS

C.1 HYPER-PARAMETERS
» For GCN, we grid-search the hyperparameters

lr in [le-5, 1le-4, 1le-3], hidden_dim in [64, 128, 256]
layer_num = 2, dropout = 0.5

» For EWC, we grid-search the hyperparameters

lr in [le-5, le—-4, 1le-3], hidden_dim in [64, 128, 256],
strength in [1, 100, 10000], layer_num = 2
dropout = 0.5

» For LwF, we grid-search the hyperparameters
lr in [le-5, 1le-4, 1le-3], hidden_dim in 128, 2567,

[64,
strength in [1, 100, 10000], lambda in [0.1, 1.0]
T in [0.2, 2.0], layer_num = 2, dropout = 0.5

* For Cosine, we grid-search the hyperparameters
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lr in [le-5, le-4, le-3], hidden_dim in [64, 128, 256]
layer_num = 2, dropout = 0.5, T = 1.0, sample_num = 100

* For TPP, we grid-search the hyperparameters

lr in [le-5, le-4, l1le-3], hidden_dim in [64, 128, 2561,
pe in [0.2, 0.3], pf in [0.2, 0.3], layer_num = 2
dropout = 0.5, pretrain_batch_size = 500

pretrain_lr = le-3

» For TEEN, we grid-search the hyperparameters

lr in [le-5, le-4, l1le-3], hidden_dim in [64, 128, 256]
layer_num = 2, dropout = 0.5, T = 1.0, sample_num = 100
softmax_T = 16, shift_weight = 0.5

* For BERT and RoBERTa, we grid-search the hyperparameters

lr in [le—-4, 2e-4, 5e-4], batch_size in [5, 10, 20]
min_lr = 5e-6, weight_decay = 5e-2, dropout = 0.1
att_drouput = 0.1, max_length = 256, lora_r 5
lora_alpha = 16, lora_dropout = 0.05

* For LLaMA, we grid-search the hyperparameters

lr in [le-4, 2e-4, 5e-4], batch_size in [5, 10, 20]
min_lr = 5e-6, weight_decay = 5e-2, dropout =
att_drouput = 0.1, max_length = 512, lora_r =
lora_alpha = 16, lora_dropout 0.05

[
oo
—

* For SimpleCIL, we grid-search the hyperparameters

lr in [le-4, 2e-4, 5e-4], batch_size in [5, 10, 20]
min_lr = 5e-6, weight_decay = 5e-2, dropout = 0.1
att_drouput = 0.1, max_length = 256, lora_r =
lora_alpha = 16, lora_dropout = 0.05, T = 1.0
sample_num = 20

ul

* For GCNEgyp, we grid-search the hyperparameters

lr in [le-5, 1le-4, 1le-3], hidden_dim in [64, 128, 256]
layer_num = 2, dropout = 0.5

* For ENGINE, we grid-search the hyperparameters

lr in [le-5, 1le-4, 1le-3], hidden_dim in [64, 128, 256]
r in [1, 32], layer_num = 1, dropout = 0.5, T = 0.1
layer_select = [0, 6, 12, 18, 24, -1]

* For GraphPrompter, we follow the instructions from the paper (Liu et al., 2024), use

lr = 2e-4, batch_size = 10, min_lr = 5e-6
welight_decay = 5e-2, dropout = 0.1, att_drouput = 0.1
max_length = 512, lora_r = 5, lora_alpha = 16
lora_dropout = 0.05, gnn = 'GCN’, layer_num = 4
hidden_dim = 1024, output_dim = 1024,

dropout = 0.5, proj_hidden_dim = 1024
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Table 7: Selection of GNN and LLM Backbones in LLM4GCL, A, X, R refers to the adjacent matrix,
feature matrix, and raw text attributes of the input TAG, respectively.

Type Method Predictor Input Output Format GNN Backbone LLM Backbone
GCN Kipf & Welling (2016) GNN (A,X) Logits GCN
EWC Kirkpatrick et al. (2017) GNN (A, X) Logits GCN
ae LwF Li & Hoiem (2017) GNN (A, X) Logits GCN
GNN-based Cosine GNN (A, X) Logits GCN
TPP Niu et al. (2024b) GNN (A, X) Logits SGC, GCN
TEEN Wang et al. (2023a) GNN (A, X) Logits GCN
BERT Devlin et al. (2019) LLM R Logits - BERT-base (110M)
LLM-based RoBERTa Liu et al. (2019) LLM R Logits - RoBERTa-large (355M)
E— LLaMA Touvron et al. (2023) LLM R Prediction Texts - LLaMA3-8B
SimpleCIL Zhou et al. (2025) LLM R Logits - RoBERTa-large (355M)
GCNEgmp GNN (A, R) Logits GCN LLaMA3-8B
ENGINE Zhu et al. (2024) GNN (A, R) Logits GCN LLaMA3-8B
GLM-based  GraphPrompter Huang et al. (2024) LLM (A, X,R) Prediction Texts GCN LLaMA3-8B
GraphGPT Tang et al. (2024a) LLM (A,X,R) Prediction Texts - LLaMA3-8B
LLaGA Chen et al. (2024a) LLM (A, X,R) Prediction Texts - LLaMA3-8B

* For GraphGPT, we follow the instructions from the paper (Wu et al., 2025), use

dropout = 0.1, att_drouput = 0.1, max_length = 512
sl_k_hop = 2, sl_num_neighbors = 5

sl_max_txt_length = 512, sl_epoch = 2, sl_batch_size =5
sl_1lr = le-4, s2_num_neighbors = 4, max_txt_length = 512
s2_epoch = 10, s2_batch_size = 5, s2_1lr = le-4

lora_r = 5, lora_alpha = 16, lora_dropout = 0.05

* For LLaGA, we follow the instructions from the paper (Chen et al., 2024a), use

lr = 2e-4, batch_size = 10, min_lr = 5e-6

weight_decay = 5e-2, dropout = 0.1, att_drouput = 0.1
max_length = 512, 1llm_freeze = ’'True’
neighbor_template = 'ND’, nd_mean = True, k_hop = 2

sample_size = 10, hop_field = 4, proj_layer = 2

* For SimGCL, we follow the instructions from the paper (Wang et al., 2025), use

lr = 2e-4, batch_size = 10, min_lr = 5e-6

weight_decay = 5e-2, lora_r = 5, lora_alpha = 16
lora_dropout = 0.05, T = 1.0, sample_num = 50

hop = [20, 20], include_label = False, max_node_text_len

C.2 BACKBONE SELECTION

To compare the various baseline methods in LLM4GCL as fairly as possible, we try to utilize the same
GNN and LLM backbones in our implementations. Table 7 shows the GNN and LLM backbones
used in the original implementations, as well as those implemented in LLM4GCL.

D TEXT PROMPT DESIGN

For GraphPrompter (Liu et al., 2024), GraphGPT (Tang et al., 2024a), and LLaGA (Chen et al.,
2024a), we utilize the prompt templates provided in their original papers for several datasets, including
Cora and arXiv. For datasets not originally addressed, such as Photo, we adapt their prompt designs
to create similarly formatted prompts. For SimGCL, we adopt the graph prompt template established
by Wang et al. (Wang et al., 2025). Below is a summary of these prompt templates using Cora as an
example, where (labels) denotes the dataset-specific label space, (graph) represents the tokenized
graph context, (raw_text) and (paper_titles) refer to the node’s original raw text, and (target
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node) is the node’s id within the graph. It is important to emphasize that during the continual
learning process, as new classes emerge sequentially, the content of (labels) dynamically expands to
incorporate these newly introduced class labels.

Illustration of Prompts Utilized by LLaMA and GraphPrompter on the Cora Dataset

Cora: (raw_text). Which of the following sub-categories of Al does this paper belong to? Here are the
|(labels) | categories: (labels). Reply with only one category that you think this paper might belong to.
Only reply to the category phrase without any other explanatory words.

Ilustration of Prompts Utilized by GraphGPT on the Cora Dataset

Matching: Given a sequence of graph tokens that constitute a subgraph of a citation graph, where
the first token represents the central node of the subgraph, and the remaining nodes represent the first or
second-order neighbors of the central node. Each graph token contains the title and abstract information
of the paper at this node. Here is a list of paper titles: (paper_titles). Please reorder the list of papers
according to the order of graph tokens (i.e., complete the matching of graph tokens and papers).

Instruction: Given a citation graph: where the Oth node is the target paper, with the following
information: (raw_text). Question: Which of the following specific research does this paper belong to:
(labels). Directly give the full name of the most likely category of this paper.

Ilustration of Prompts Utilized by LLaGA on the Cora Dataset

System: You are a helpful language and graph assistant. You can understand the graph content provided
by the user and assist with the node classification task by outputting the most likely label.

Instruction: Given a node-centered graph: , each node represents a paper, we need to classify the
center node into |(labels)| classes: (labels), please tell me which class the center node belongs to?

Ilustration of Prompts Utilized by SimGCL on the Cora Dataset

System: You are a good graph reasoner. Given a graph description from the Cora dataset, understand the
structure and answer the question.

Instruction: (target node) (raw_text), known neighbor papers at hop 1: (1-hop neighbors) (raw_texts),
known neighbor papers at hop 2: (2-hop neighbors) (raw_texts). Question: Please predict which of the
following sub-categories of Al this paper belongs to. Choose from the following categories: (labels).

E ADDITIONAL EXPERIMENTAL RESULTS

E.1 SESSION NUMBERS
Table 8 presents the performance of baseline models and SimGCL on the Arxiv dataset under different
session-class configurations. Consistent with Obs. @, as session numbers increase, the performance

advantages of BERT, GraphGPT, and LLaGA over GNN-based approaches diminish significantly,
demonstrating pronounced catastrophic forgetting in long-session scenarios.

E.2 EXTENDED ANALYSIS OF SIMGCL

To comprehensively assess SimGCL’s performance, we conducted an evaluation using 1-hop neigh-
borhood aggregation, with detailed results presented in Table 9 and Table 10.
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Observation D.® Rich structural information better enhances task comprehension. In Table 9
and Table 10, SimGCL exhibits performance degradation when limited to 1-hop neighborhood
information, particularly on densely-connected datasets, WikiCS and Photo, where it underperforms
even the vanilla GCN baseline. We hypothesize this stems from an inadequate structural context,
misleading the model’s representation learning. Notably, modest improvements occur on sparser
graph datasets, Cora and Citeseer, we attribute this to their smaller scale and lower connectivity
makes 1-hop information sufficient for effective prediction.

E.3 DOMAIN-INCREMENTAL LEARNING SETTING

To extend the evaluation scope of the proposed LLM4GCL framework to the domain-incremental
learning (DIL) scenario, we conducted comprehensive experiments comparing various baseline
methods with SimGCL under domain-sequential learning conditions. Specifically, each model was
trained incrementally on the PubMed, CiteSeer, and Cora datasets in sequence. The experimental
results are presented in Table 11, yielding the following key observations:

Observation D.®. LLM- and GLM-based methods demonstrate stronger domain-incremental
learning capabilities compared to GNN-based approaches. In the domain-incremental learning
(DIL) setting, most LLM-based and GLM-based methods consistently outperform training-from-
scratch GNNs. This underscores the strong generalization ability of pre-trained LLMs and highlights
their potential in addressing DIL challenges within graph-based learning. However, we note that the
performance margin of GLM-based models is narrower than that of LLaMA and SimpleCIL. We
attribute this limitation to the architectural discrepancy between shallow GNNs and deep LLMs (e.g.,
GraphPrompter), as well as the misalignment between textual and graph structural representations
(e.g., GraphGPT), which collectively impair the generative capability of these models.

Observation D.® SimpleCIL and SimGCL maintain substantial performance advantages over
other baselines in the DIL setting. Experimental results show that SimpleCIL and SimGCL reach
the two highest performances, exhibiting significantly less forgetting and greater performance gain
compared to GCN, in contrast with all other baselines. These outcomes confirm that class prototypes
effectively preserve the generalization capabilities of LLMs across diverse domains, while graph
structural prompts enhance their ability to comprehend and adapt to unseen graph topologies.

E.4 TIME EFFICIENCY

To more comprehensively assess the computational overhead associated with LLMs and GLMs and to
better analyze the trade-off between time efficiency and performance, we compared the computational
costs of SimGCL against all baseline methods on the Cora dataset. Results are provided in Table 12.

Table 8: Performance comparison of LLM4GCL baselines in NCIL scenario across different class
sizes (W) and session numbers (S) on Arxiv. The best and second results are highlighted.

Methods _ 8WsS _ 5W8S _ 4w10S _ 2w208
A An A An A An A An

GCN 24.5 2.0 20.5 1.1 21.2 1.5 134 0.7
EWC 31.6 19.6 26.2 13.8 249 13.8 154 4.2
LwF 29.2 8.6 22.6 2.7 18.9 1.6 14.2 1.0
Cosine 35.6 232 38.3 279 37.4 27.8 41.6 31.4
BERT 36.7 15.0 29.7 10.2 26.0 9.7 16.6 5.0
RoBERTa 33.9 3.9 26.7 2.1 24.4 1.4 15.6 0.3
LLaMA 35.0 3.8 27.6 1.5 249 1.4 159 0.3
SimpleCIL 46.1 31.4 49.7 35.9 50.6 36.5 52.6 39.1
GCNLLMEmb 337 3.8 26.6 2.0 24.3 1.4 15.6 0.3
ENGINE 34.1 3.7 26.5 2.0 24.6 1.3 15.7 0.2
GraphPrompter 35.1 2.9 27.8 2.0 24.8 1.4 16.8 0.4
GraphGPT 38.9 7.4 35.0 6.2 322 3.9 23.5 3.1
LLaGA 34.8 8.6 27.9 5.3 26.1 1.3 16.6 0.9
SimGCL (Ours) 51.6 28.7 53.0 30.4 59.9 33.8 574 17.5
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Table 9: Performance comparison of GNN-, LLM-, and GLM-based methods in the NCIL scenario
of LLM4GCL. The best and second results are highlighted.

_Cora Citeseer WikiCS Photo Pfoducts A_rxiv-23 Arxiv

Methods A Av A Ay A Av A Ax A Ay A Ay A A
GCN 57.0 382 524 302 549 349 465 199 255 54 199 29 212 15
EWC 56.0 31.0 459 285 553 33.0 469 20.5 294 159 257 150 249 138
LwF 557 30.8 47.8 282 550 340 458 204 260 7.5 21.1 6.8 189 1.6
Cosine 654 452 50.7 31.0 66.5 535 63.6 496 36.1 16.1 36.1 242 374 278
TPP 457 137 454 96 351 98 363 57 150 00 122 03 196 34
BERT 56.0 299 538 287 584 300 434 184 269 4.1 271 5.1 260 9.7
RoBERTa 546 29.6 54.1 286 55.1 30.8 435 19.1 27.6 32 231 08 244 14
LLaMA 65.6 53.8 557 31.7 555 309 446 19.1 298 04 243 10 249 14
SimpleCIL 70.8 583 664 495 714 573 62.1 525 66.8 52.6 524 38.8 50.6 36.5
GCNLLMEmb 59.1 31.1 53.6 304 534 275 477 210 269 0.1 229 08 243 14
ENGINE 59.2 31.3 535 29.8 564 30.1 479 210 272 1.1 225 07 246 13
GraphPrompter 619 46.8 60.2 30.6 59.6 383 515 31.0 29.0 0.8 234 09 248 14
GraphGPT 55.5 31.6 60.0 30.1 620 49.2 50.8 30.2 355 32 307 58 322 39
LLaGA 58.2 30.2 513 27.8 537 27.6 472 207 257 02 269 4.1 261 13

SimGCL-1 Hops 89.4 83.9 764 642 324 203 447 335 709 437 282 6.1 382 10.7
SimGCL-2 Hops 84.6 80.0 77.1 66.3 73.5 619 821 72.6 71.1 60.2 38.7 13.6 59.9 33.8

Table 10: Performance comparison of GNN-, LLM-, and GLM-based methods in the FSNCIL
scenario of LLM4GCL. The best and second results are highlighted.

7Cora Qiteseer VYikiCS E’hoto Pfoducts A}'xiv-23 érxiv

Methods A Av A Av A Ax A Ax A Ay A Ay A Ax
GCN 68.0 38.1 395 174 624 474 585 323 360 14.1 222 54 253 20
EWC 59.0 36.3 492 212 584 404 62.0 284 457 315 364 295 31.5 183
LwF 63.3 43.5 45.1 20.7 594 410 60.1 294 503 387 308 15.1 27.8 3.8
Cosine 72.6 57.8 49.1 257 68.0 50.7 679 50.5 509 33.6 40.1 279 272 172
TEEN 609 40.3 59.0 39.5 593 424 593 355 496 284 392 27.1 31.8 18.6
TPP 39.0 9.1 373 12.6 373 124 400 140 140 00 73 00 11.1 6.0
BERT 564 347 61.1 388 61.7 33.0 47.7 258 224 3.8 152 34 149 6.0
RoBERTa 59.6 419 540 292 672 423 582 296 388 69 226 14 257 13
LLaMA 72.6 556 759 555 652 439 614 323 435 137 235 15 227 14
SimpleCIL 69.6 53.6 64.1 499 73.2 63.1 663 53.0 656 53.6 49.8 40.0 46.4 36.6
GCNLLMEmb 68.2 40.1 543 287 547 310 66.0 342 306 02 214 10 22.1 09
ENGINE 522 283 476 255 46.8 237 480 215 209 0.1 174 05 173 14
GraphPrompter  63.2 373 653 345 695 51.6 69.7 510 379 22 274 23 273 1.0
GraphGPT 624 39.6 650 417 712 61.6 622 389 432 162 254 1.7 243 20
LLaGA 62.0 39.6 522 28.0 494 304 488 180 280 02 182 09 166 1.6

SimGCL-1Hop 855 77.9 773 635 304 232 50.6 448 572 30.1 199 42 259 39
SimGCL-2 Hops 78.0 67.6 78.0 63.8 73.5 61.9 81.2 71.3 69.7 62.7 387 13.6 59.9 33.8

The results demonstrate that SimGCL is more efficient than other LLaMA-based methods (LLaMA,
GraphPrompter, GraphGPT, LLaGA) in terms of model size, training time, and inference time. While
its computational cost exceeds traditional GNN methods, this is offset by its superior performance.
Moreover, SimpleCIL also achieves competitive efficiency, presenting running-up performance with
computational costs similar to the GNN-based method TPP. These results suggest that well-designed
LLM approaches can balance performance and computational cost effectively.
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Table 11: Performance comparison of GNN-, LLM-, and GLM-based methods in the DIL setting.
Domain 1, Domain 2, and Domain 3 refer to the model continually learn on the PubMed, CiteSeer,

and Cora datasets, respectively. The best and second results are highlighted.

Domain 1 Domain 2 Domain 3 -
Methods A Fa A F A F A
GCN 86.75 - 28.26 -58.49 20.46 -66.29 45.16
EWC 86.00 - 2738 -59.37 20.16 -66.59 44.52
Cosine 85.50 - 3491 -51.84 27.41 -59.34 49.28
BERT 89.67 - 29.63 -60.04 18.17 -71.58 45.82
RoBERTa 93.33 - 3027 -63.06 17.31 -76.02 46.97
LLaMA 89.50 - 6427 -22.48 27.74 -61.72 60.50
SimpleCIL 90.00 - 66.06 -20.69 53.79 -32.97 69.95
GCNLLMEmb 81.83 - 3931 -42.44 25.58 -61.17 48.91
ENGINE 91.10 - 3417 -56.93 21.73 -69.37 49.00
GraphPrompter  83.67 - 5222 -31.45 32.25 -51.42 56.08
GraphGPT 91.17 - 5176 -34.99 28.86 -62.31 57.26
LLaGA 85.50 - 49.04 -36.71 30.39 -55.36 54.97
SimGCL(Ours) 86.67 - 7453 -12.21 71.40 -15.06 77.54

Table 12: Time efficiency comparison of GNN-, LLM-, and GLM-based methods on Cora dataset.
The asterisk (*) refers to the parameters that are only trainable during the initial session and remain
fixed throughout subsequent sessions.

Method Param. (MB) Training (s) Inference(s) A Ay
GCN 0.19 4.76 0.02 57.0 382
EWC 0.19 5.66 0.02 56.0 31.0
LwF 0.19 7.75 0.03 557 30.8
Cosine 0.19% 1.94 0.04 654 452
TPP 0.20 57.70 0.07 457 13.7
BERT 0.29 56.67 1.30 56.0 29.9
RoBERTa 1.76 172.85 4.16 54.6 29.6
LLaMA 3.25 454.47 72.65 65.6 53.8
SimpleCIL 1.76* 55.90 404 708 583
GCNLLMEmb 0.53 5.18 0.03 59.1 3l1.1
ENGINE 3.19 89.70 0.11 592 31.3
GraphPrompter 10.65 805.15 99.34 619 46.8
GraphGPT 8.85 1247.46 584.72 555 31.6
LLaGA 22.04 688.78 42559 582 302
SimGCL(Ours) 3.27* 420.00 52.67 84.6 80.0

E.5 VISUALIZATION

To further investigate the effectiveness of SImGCL, we performed a visualization experiment compar-
ing the embeddings and prototypes generated by three prototype-based methods: Cosine, SimpleCIL,
and SimGCL. The results are presented in Figure 4.

The results indicate that embeddings produced by SimGCL exhibit larger inter-class distances and
smaller intra-class distances. Samples belonging to the same class are closely clustered around
their respective prototypes, while distinct classes are separated by clear decision boundaries. In
contrast, the embeddings generated by Cosine and SimpleCIL are noticeably more dispersed. In
some cases, prototypes of different classes appear in close proximity or even overlap (as shown in the
middle-bottom and top-left subfigures), suggesting that these methods may struggle to differentiate
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Figure 4: Visualization of the learnt embeddings and prototypes across three prototype-based methods.

samples from different classes. These findings underscore the superior embedding capability of
SimGCL, reflecting its enhanced ability to comprehend both graph structures and textual information.

E.6 PERFORMANCE EVOLUTION

To have deeper insights into the comparative learning dynamics, we present performance evolution
curves in Figure 5. The visualization demonstrates SimGCL’s consistent superiority over baseline
models across multiple training sessions, underscoring its robust capability to maintain previously
acquired knowledge while effectively assimilating new information.

E.7 EWC wiTH VARIOUS BACKBONES

Table 13: Performance comparison of different backbones integrated with EWC on Cora, WikiCS,
and Arxiv datasets. "w/o" and "w/" represent learning without and with EWC, respectively.

Dataset Metric Y . L Llawin SimGCL
w/o w/ w/o w/ w/o w/ w/o w/

Cora A 57.0 56.0 56.0 55.5 546 55.1 65.6 62.1 84.6
An 38.2 31.0 29.9 30.0 29.6 30.0 53.8 494 80.0

WikiCS A 524 459 58.4 549 55.1 54.0 55.5 545 73.5
An 30.2 28.5 30.0 304 30.8 30.6 309 30.8 61.9

Arxiv A 549 553 26.0 24.1 244 243 249 23.8 59.9
An 349 33.0 9.7 1.3 1.4 1.4 1.4 1.2 33.8

To further investigate the rationale and efficacy of integrating LLMs with traditional continual learning
methods, we conducted experiments combining GCN and three LLM backbones—BERT, RoBERTa,
and LLaMA—with EWC. Detailed results are provided in Table 13.

The results indicate that only the ROBERTa+EWC configuration on the Cora dataset yields a marginal
performance improvement, suggesting the limited effectiveness of EWC when applied to LLMs. We
attribute this to the extensive parameter space characteristic of LLMs: EWC relies on regularizing
important parameters via the Fisher information matrix, which becomes computationally intractable
at such a scale. Consequently, it is challenging to effectively constrain all critical parameters during
continual learning, thereby reducing the method’s practical utility.
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Figure 5: Performance evolution of all models on Citeseer, Photo, Products, and Arxiv datasets.
F BROADER DISCUSSION

F.1 LIMITATIONS

Restricted to node-level tasks. Currently, LLM4GCL is limited to GCL for node classification tasks,
as most GLM-based methods are designed for single-task scenarios, and node classification remains
the predominant task in GML. However, GML encompasses other critical tasks such as link prediction
and graph classification. Moreover, in practical applications, GCL has significant value in these task
domains, like predicting interactions between existing and new users (edge-level class incremental
learning, ECIL) and identifying novel protein categories (graph-level class incremental learning,
GCIL). Notably, recent advances in Graph Foundation Models (Mao et al., 2024) have enabled
Graph-enhanced LLMs like OFA (Liu et al., 2023a), UniGraph (He et al., 2024), and UniAug (Tang
et al., 2024b) to support edge-level or graph-level tasks. Therefore, a comprehensive evaluation of
GLM-based methods in ECIL and GCIL scenarios is imperative, and we designate this as one of the
key directions for our future research.

Restricted to TAGs. In LIM4GCL, all seven benchmark datasets are TAGs, as the evaluated
GLM-based methods inherently depend on textual node attributes. However, this requirement limits
applicability to real-world non-textual graphs (e.g., transportation networks or flight routes). Currently,
emerging solutions like GCOPE (Zhao et al., 2024a) and SAMGPT (Yu et al., 2025) demonstrate
promising approaches for text-free graph foundation models. Consequently, extending GLM-based
methods to such non-textual graph scenarios remains a critical direction for future research.

F.2 FURTHER DISCUSSION

Apply SimGCL to extreme scenarios. We observe that SimGCL exhibits relatively inferior perfor-
mance on extremely sparse graphs, under very few-shot conditions, and in long session scenarios.
We attribute this to its reliance on informative ego-graph prompts and extensive pre-training during
the initial session. Sparse graphs provide limited structural context, which may result in less informa-
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tive prompts and hinder the model’s graph comprehension. Furthermore, in FSNCIL settings, the
substantial data disparity between the base session and incremental sessions introduces a bias toward
base classes, increasing the risk of overfitting.

Nonetheless, SInGCL represents a flexible framework that can be adapted to these challenging
settings through targeted improvements: for sparse graphs, integrating lightweight graph encoders
such as SGC (Wu et al., 2019) could enhance higher-order structural awareness; for few-shot learning,
session-aware fine-tuning via LoRA (Hu et al., 2022) with momentum updates (He et al., 2020) could
mitigate overfitting to the base session; for long sessions, prototype calibration methods (Li et al.,
2025a) may help maintain stability across old and new classes.

In summary, although SimGCL shows certain limitations in highly challenging environments, it suc-
cessfully provides a versatile foundation for graph continual learning, as its performance shortcomings
can be alleviated through context-aware enhancements.

Generalization of GLM-based Methods. Current GLM-based methods generally demonstrate
unsatisfactory performance compared to pure LLM-based methods, facing challenges in GCL tasks,
yet their superior generalization and contextual understanding capabilities - surpassing shallow GNNs
- show significant potential for complex GCL scenarios when properly implemented. For example,
SimpleCIL outperforms most GNN and LLM baselines by leveraging class prototypes, fully utilizing
LLMs’ generalization while reducing overfitting; similarly, SimGCL significantly outperforms
existing models by being trained with informative graph structural prompts, establishing new SOTA
performance across multiple datasets. Consequently, we believe that this paper demonstrates a
promising direction for leveraging LLMs/GLMs in GCL, laying the groundwork for unlocking their
full potential in this emerging research direction.

F.3 POTENTIAL IMPACTS

The integration of LLMs with graph tasks represents an emerging and highly promising research
direction, demonstrating substantial potential across diverse applications and particularly in GCL
scenarios. This paper proposes LLM4GCL to advance research focus on this novel paradigm that
leverages graph-enhanced LLMs for improved GCL performance. Through LLM4GCL, we conduct
a systematic investigation into graph-enhanced LLM methodologies and establish comprehensive
benchmarking across various graph domains. We believe this work will serve as the catalyst and
pioneer for accelerated progress in this developing research community.

Moreover, as LLM4GCL demonstrates several efficient LLM- and GLM-based GCL methods, we
argue that these advancements hold significant societal value. Specifically, the proposed methods
facilitate efficient knowledge updates in dynamic environments, such as social networks and rec-
ommendation systems, through seamless integration with LLMs, thereby substantially reducing
computational overhead compared to conventional training-from-scratch paradigms. Furthermore, the
cross-domain adaptability of these models offers distinct advantages in mission-critical applications,
including healthcare diagnostics and financial forecasting. In such domains, continuous model adapta-
tion to emergent knowledge, ranging from novel therapeutic interventions to evolving market trends,
can be achieved while effectively mitigating catastrophic forgetting. However, practical deployment
necessitates careful consideration of several key challenges, including data privacy implications, the
potential for bias propagation in automated decision-making processes, and ensuring robustness
against adversarial data injection, particularly in open-domain applications.

In the future, we will keep track of newly emerged techniques in the GCL field and continuously
update LLM4GCL with more solid experimental results and detailed analyses.
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