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Abstract
Dynamic text-attributed graphs (DyTAGs) exhibit coupled textual
and structural dynamics, and existing mainstream approaches for
DyTAGs extend conventional large language models (LLMs) to cap-
ture both dynamics, thereby giving rise to dynamic graph LLMs.
However, in DyTAGs, the continuous emergence of new nodes and
edges with incoming textual content and interactions drives the
joint evolution of graph structural-textual patterns, causing existing
methods to struggle with evolving patterns. This motivates a largely
unexplored problem of continual learning on DyTAGs, which aims
to adapt to constantly evolving graph structural-textual patterns
while retaining past knowledge, which imposes two challenges: 1)
unlike common graphs, graph structure and textual semantics in
emerging DyTAG patterns jointly evolve, requiring dynamic graph
LLMs to adapt structure, text, and graph-text fusion simultaneously;
and 2) updating dynamic graph LLMs to fit a new pattern may de-
stroy the global graph-text fusion capabilities and bias the model
towards recent local dynamics. To address these challenges, we
propose a novel Continual Learning DynamicGraph LLM frame-
work (Continual-GraphLLM) to continually adapt to incoming
patterns by routing them to experts specialized in similar past
patterns, while mitigating the overwriting of previously learned
patterns by assigning new experts to unseen patterns. Specifically,
we propose a graph-text factor-based router to adapt to incoming
structural-textual joint patterns by utilizing latent factors to adap-
tively activate suitable experts. Furthermore, we design invariance
regularized multi-scale experts that mitigate forgetting by captur-
ing the invariances among learned patterns assigned to the same
expert, where each expert progressively integrates structural and
textual information from local scale to global scale. Extensive exper-
iments on real-world DyTAGs demonstrate the superiority of our
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method over competitive baselines, highlighting its effectiveness
in adapting to emerging DyTAG patterns.
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1 Introduction
Dynamic text-attributed graphs (DyTAGs) are crucial for modeling
complex, evolving real-world systems such as e-commerce plat-
forms, social networks, and knowledge graphs [7, 17, 37–39, 56].
In these graphs, entities and interactions are not only associated
with rich textual information, but also exhibit continuous temporal
dynamics, where both topological structures and textual attributes
change over time. Building upon the remarkable success of large
language models (LLMs) in graph learning [16, 35, 44, 46, 53], nu-
merous LLM-based methods have recently been proposed to extend
the generic reasoning capabilities of LLMs to DyTAGs. By lever-
aging the semantic expressiveness of LLMs, these methods have
demonstrated superior performance in predicting unseen interac-
tions within closed datasets [14, 22, 36, 47, 58, 69]. In this paper,
we refer to LLM-augmented methods designed for DyTAGs as Dy-
namic Graph LLMs.

However, in many real-world scenarios, new nodes and edges
with incoming textual content keep accumulating, driving the joint
evolution of structural-textual patterns in a continual streaming
manner. For example, in communication networks, interaction pat-
terns and textual message content drift as user behaviors and orga-
nizational routines evolve; in social networks, evolving user popu-
lations reshape interaction patterns, and the accompanying user-
generated texts (e.g., posts, profiles) change concurrently [9, 43, 61].
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(a) Textual Similarity Conditional on Structural Group (b) Structural Average Degree Conditional on Textual Group

Figure 1: An illustration of the joint structural-textual evolution across DyTAG patterns in the Enron-DI dataset. The first row
shows the smooth ungrouped textual/structural distribution separately, while the following rows show the distribution after
grouping by structural/textual characteristics, which are noticeably unsmooth and differ markedly from the first row.

Figure 1 provides intuitive evidence of joint structural-textual evolu-
tion across DyTAG patterns, the details of which will be described in
Appendix B. Existing dynamic graph LLMs are designed for offline
training on closed datasets to fit a specific pattern, thus struggling
to handle DyTAG continual learning.

In this paper, we study the problem of continual learning on Dy-
TAGs, which remains largely unexplored in the literature. This task
is particularly challenging, primarily due to two reasons. Adapta-
tion to Emerging Joint Structural-Textual Patterns: In common
dynamic graph continual learning, pattern evolution is primarily
structural, while DyTAG patterns induce a joint evolution in graph
structures and textual semantics. Since dynamic graph LLMs typ-
ically learn graph and text understanding and graph-text fusion
capability from a fixed DyTAG pattern, when new DyTAG patterns
arrive with joint structural-textual evolution, the previously learned
graph and text understanding becomes suboptimal, and graph-text
fusion capability becomes mismatched to the new regime, making
it difficult to adapt effectively without re-training.Mitigating His-
torical Structural-Textual Knowledge Forgetting: Updating a
dynamic graph LLM to adapt to new DyTAG patterns risks destroy-
ing the graph-text understanding and fusion learned from earlier
periods, since only the current pattern is fully observable during
adaptation. A trivial adaptation often biases the model toward re-
cent local dynamics in the last observed pattern, and overwrites
some global knowledge learned from long-range history, leading
to catastrophic forgetting.

To address these challenges, we proposeContinual-GraphLLM,
a continual dynamic graph LLM framework that adapts to each
incoming DyTAG pattern by routing it to experts specialized in
similar past patterns, while allocating new experts to unseen pat-
terns to mitigate catastrophic forgetting. Specifically, we propose a
graph-text factor-based router, which adaptively activates a suit-
able expert to better adapt to each incoming structural-textual joint
pattern based on pattern-factor matching, where factors summarize
historical DyTAG patterns. Similar patterns are routed to the same
expert, making adaptation easier. Then, we propose invariance reg-
ularized multi-scale experts, which use invariance regularization to

capture the invariance among similar patterns routed to the same
expert, thereby mitigating forgetting. Each expert progressively
models the graph-text fusion from local scale to global scale, em-
powering the LLM to reason over the unified structural-textual
context for precise final predictions. The contributions of our work
are summarized as follows:

• We propose a dynamic graph LLM framework Continual-
GraphLLM which is able to continually adapt to incoming
DyTAG patterns with joint structural-textual evolutionwhile
mitigating catastrophic forgetting. To the best of our knowl-
edge, this is the first method to study DyTAG continual
learning.

• We introduce two novel modules: graph-text factor-based
router, which adaptively activates suitable experts to adapt
to the joint evolution of structure and text in DyTAGs; and in-
variance regularized multi-scale experts, which capture
the invariances among similar patterns to mitigate forget-
ting, with each expert performing graph-text fusion from
local scale to global scale.

• We conduct extensive experiments on real-world DyTAG
datasets in two different challenging continual learning set-
tings (domain-incremental and class-incremental), demon-
strating that our proposed method outperforms all baselines
in DyTAG continual learning.

2 Problem Formulation
2.1 Dynamic Text-Attributed Graphs
A dynamic text-attributed graph (DyTAG) is a sequence of interac-
tion events over time, where each timestamped event involves two
entities and both interactions and entities are associated with tex-
tual attributes [56]. Given a set of nodes V , a set of edges E, node
text attributesD, edge text attributes R, and a label setY, a DyTAG
can be represented as G = {V, E,D,R,Y}, where (𝑢, 𝑣, 𝑟,𝑦, 𝑡) ∈ E
denotes an interaction between node 𝑢 ∈ V and node 𝑣 ∈ V with
textual attribute 𝑟 ∈ R and label 𝑦 ∈ Y at timestamp 𝑡 . Each node
𝑣 ∈ V is also associated with its own textual attributes 𝑑𝑣 ∈ D.
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2.2 DyTAG Continual Learning
In real-world scenarios, graphs are generated continuously over
time. A DyTAG G can be naturally divided into a stream of time-
evolving disjoint patterns {G1,G2, . . . ,G𝑁 }, where each pattern
G𝑖 = {(𝑢, 𝑣, 𝑟,𝑦, 𝑡) ∈ G : 𝑡𝑠𝑡𝑎𝑟𝑡𝑖 ≤ 𝑡 < 𝑡𝑒𝑛𝑑𝑖 } contains interaction
events within a specific time interval [𝑡𝑠𝑡𝑎𝑟𝑡𝑖 , 𝑡𝑒𝑛𝑑𝑖 ) and the time
intervals are non-overlapping. Accompanying the DyTAG patterns
is a sequence of tasks T = {T1,T2, . . . ,T𝑁 }, and their corresponding
label sets {Y1,Y2, . . . ,Y𝑁 }.

There are threemain types of learning settings in graph continual
learning literature [41, 65], including task-incremental, domain-
incremental, and class-incremental learning. In task-incremental
learning, the task identities are revealed to models during both
training and testing, making the problem relatively easier [61]. In
this work, we focus on the other two more challenging settings, i.e.,
domain-incremental learning and class-incremental learning.

In domain-incremental learning, different patterns have differ-
ent data distributions, i.e., 𝑃 (G𝑖 ) ≠ 𝑃 (G𝑗 ) for 𝑖 ≠ 𝑗 , but all the
tasks share the same closed label set, i.e., Y𝑖 = Y𝑗 = Y. In class-
incremental learning, the label sets of different tasks are disjoint,
i.e.,Y𝑖 ∩Y𝑗 = ∅ for 𝑖 ≠ 𝑗 . In both settings, the task identity 𝑖 of task
T𝑖 is not accessible during both training and testing.

At the 𝑖-th time interval, the model receives the new incoming
patterns G𝑖 and learns new knowledge from the task T𝑖 without
forgetting prior tasks. While learning from the current task T𝑖 ,
previous patterns {G1,G2, . . . ,G𝑖−1} are no longer accessible.

3 Method
In this section, we introduce Continual-GraphLLM for continual
learning on DyTAGs with LLMs. This method comprises two key
components: the graph-text factor-based router and the invariance
regularized multi-scale experts. The overall framework is illustrated
in Figure 2.

3.1 Graph-Text Factor-Based Router
In continual DyTAG streams, each incoming pattern G𝑖 exhibits
a new joint structural-textual evolution, requiring dynamic graph
LLMs to adapt sequentially to these evolving patterns. It’s diffi-
cult for a single shared model to sequentially adapt to all patterns
without interference since parameters are repeatedly pulled to-
ward mismatched patterns. To address this, we propose a graph-
text factor-based router with dynamically expandable experts to
improve adaptability across diverse tasks and evolving patterns.
Given an incoming pattern, the router produces an assignment over
the current expert pool or allocates a new expert if necessary. The
router isolates tasks with a large pattern difference to reduce neg-
ative transfer, while allowing tasks with similar patterns to reuse
experts and share mutual knowledge.

Factor LearningwithDistributionMatching. Numerous prior
works perform distribution matching for graph condensation by
minimizing the maximum mean discrepancy (MMD) [11] between
the original graph and a learned compact surrogate [31–33, 68].
Inspired by these methods, we learn a factor for each incoming Dy-
TAG pattern with distribution matching by minimizing the MMD
between the original DyTAG pattern and the learned factor.

Suppose that the current task is T𝑖 , with a DyTAG pattern G𝑖 .
Our goal is to learn a condensed factor F𝑖 that captures the essential
information of G𝑖 . In general, the objective can be formulated as

F𝑖 = arg min
F

Dist(G𝑖 , F), (1)

where Dist(·, ·) measures the distribution discrepancy.
We emphasize that the DyTAG pattern evolution couples topol-

ogy and textual semantics. To explicitly capture this joint evolution,
we model the condensed factor as two complementary components,
F𝑖 = (Fstruct𝑖 , Ftext𝑖 ). For the structural component, we use a graph
neural network (GNN) to encode G𝑖 , 𝐹 struct𝑖 into a shared latent
space and measure the distribution discrepancy in the latent space
by MMD. The objective of learning Fstruct𝑖 can be formulated as:

Fstruct𝑖 = arg min
F

Diststruct (G𝑖 , F)

= arg min
F

MMD(GNN(𝜃, G𝑖 ),GNN(𝜃, F) ),
(2)

where GNN(𝜃, ·) is a shared graph neural network encoder with
randomly initialized parameters 𝜃 , and the graph structure of Fstruct𝑖

is set to be self-loops for simplicity. For the textual component, we
use a pre-trained language model (PLM) and a multi-layer percep-
tron (MLP) to encode the text attributes of G𝑖 , Ftext𝑖 into a shared
latent space, and again measure the MMD in the latent space. The
objective of learning Ftext𝑖 can be formulated as:

Ftext𝑖 = arg min
F

Disttext (G𝑖 , F)

= arg min
F

MMD(PLM(G𝑖 ),MLP(F) ),
(3)

where PLM(·) is a pre-trained language model for direct text encod-
ing, and MLP(·) is a multi-layer perceptron to project the learnable
text factor into the PLM latent space. The overall distribution dis-
crepancy between G𝑖 and F𝑖 is defined as the weighted sum of the
structural and textual discrepancies:

Dist(G𝑖 , F𝑖 ) = 𝛽 Diststruct (G𝑖 , Fstruct𝑖 ) + (1 − 𝛽 ) Disttext (G𝑖 , Ftext𝑖 ) . (4)

Route with Pattern-Factor Matching. We maintain an assign-
ment vector R𝑗 ∈ [0, 1]𝐾 for each task T𝑗 , where 𝐾 denotes the
maximum number of experts constrained by the resource budget,
and R𝑗 denotes the probability of routing T𝑗 to each of the𝐾 experts.
Before training on a new task T𝑖 with an incoming DyTAG pattern
G𝑖 , we first compute the discrepancy between this pattern and each
previously learned factor,

𝑑𝑖,𝑗 = Dist(G𝑖 , F𝑗 ), 𝑗 = 1, 2, . . . , 𝑖 − 1. (5)

Unlike simple similarity-attraction routing that assigns a new task
to experts specialized in nearby historical patterns, our routing is
also designed to be avoidance-driven. Intuitively, if an expert has
primarily served past tasks that are far from the incoming pattern
(i.e., large 𝑑𝑖, 𝑗 ), then routing the new task to this expert is likely
to cause negative transfer and should be discouraged. Besides, a
simple similarity-attraction routing strategy tends to route most
tasks to a single expert. To implement this routing strategy, we
calculate the probability of this new task T𝑖 being routed to each
expert as

R𝑖 =
1
𝑧𝑖

(∑︁
𝑗<𝑖

𝑒𝛼𝑑𝑖,𝑗 R𝑗

)−1

, (6)
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Figure 2: Overview framework of Continual-GraphLLM. Given an incoming DyTAG pattern from a new task T𝑖 , the graph-
text factor-based router matches the pattern with previously learned factors and a hypothetical future factor to produce an
assignment over the current expert pool or allocate a new expert if necessary. The invariance regularized multi-scale expert
with the maximum assignment probability is activated to inject structural knowledge into the LLM. The query-centric temporal
subgraph is retrieved as structural evidence for each query, and then sent to both the TGNN encoder and the LLM for modeling
text-aware structural and structure-aware textual information, respectively. A low-rank cross-attention mechanism is applied
to effectively integrate information from local to global levels, and the LLM with fused hidden states is used to generate the
final prediction for downstream tasks. By introducing an invariance regularization, we encourage the losses of tasks assigned
to the same expert to be close, so that the expert can better share mutual knowledge among these similar patterns.

where 𝑧𝑖 is a normalization coefficient to ensure
∑𝐾
𝑘=1 𝑅𝑖,𝑘 = 1, and

𝛼 is the temperature controlling the sharpness of the discrepancy
distribution. The term 𝑒𝛼𝑑𝑖,𝑗 can be viewed as a negative-transfer
risk score. Due to the exponential scaling, contributions from highly
dissimilar patterns dominate the risk accumulation. The operator
(·)−1 denotes an element-wise inverse, which assigns higher routing
probability to experts with lower estimated risk.

Our expert pool is dynamically expandable. In particular, when
the current task T𝑖 is far from all previously observed patterns, the
existing experts may be unable to handle this new DyTAG pattern
well. In this case, rather than forcing T𝑖 to share an ill-suited expert,
we should allocate a new expert to specialize in this new pattern
and possible future similar patterns. To realize this mechanism
within the same routing formulation, we introduce a hypothetical
future DyTAG pattern G𝐻 . Its discrepancy to the current pattern G𝑖
is a constant 𝑑𝑖,𝐻 = 𝑑𝐻 , and its assignment vector 𝑅𝐻 is a one-hot
vector indicating a new expert. Augmenting Equation 6 with this
hypothetical task leads to the extended routing rule in Equation 7:

R𝑖 =
1
𝑧𝑖

(∑︁
𝑗<𝑖

𝑒𝛼𝑑𝑖,𝑗 R𝑗 + 𝑒𝛼𝑑𝐻 OneHot(𝑘new )
)−1

, (7)

where 𝑘new is the index of a new expert. Equation 7 itself does not
require a predefined 𝐾 and supports dynamic expansion, but in

practice we can use 𝐾 to control the resource budget. We route
the current task T𝑖 to the expert with maximum probability in R𝑖
for training. By jointly considering pattern-factor discrepancy and
historical routing behaviors, we dynamically and continually route
each incoming new task to experts to avoid negative transfer while
sharing mutual knowledge.

During testing on a task Ttest without a task identity, there
is no need to update any parameters of experts. Therefore, we
use similarity-attraction routing to assign the test task as Rtest =

SoftMax(−𝛼𝑑test,·)R, where 𝑑test,· denotes the discrepancy between
the test pattern and all learned factors, and R is the matrix of all
learned assignment vectors.

3.2 Invariance Regularized Multi-Scale Experts
While the router mitigates interference in each expert, it does not by
itself guarantee that an expert maintains a stable graph-text fusion
capability over time. The same expert can be reused by multiple sim-
ilar patterns, and sequential adaptation on newly assigned tasks can
still bias the expert toward recent dynamics. Besides, parameters
are separated across multiple experts; each expert should remain
lightweight to keep the overall parameter budget manageable. To
address this, we propose invariance regularized multi-scale experts
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to mitigate forgetting by capturing invariance among similar pat-
terns assigned to the same expert, where each multi-scale expert
progressively fuses structural and textual information by injecting
lightweight expert-specific adaptation at multiple layers and scales.

Query-Centric Temporal Subgraph Retrieval. Several prior
works on dynamic graph learning suggest that, compared with
multi-hop subgraph sampling, leveraging first-hop historical in-
teractions is often sufficient to capture informative signals in real-
world dynamic graphs [5, 54]. In the LLM setting, multi-hop expan-
sion quickly inflates the subgraph and its associated texts, which
incurs a high computational cost due to the quadratic attention com-
plexity with respect to input length, degrades LLM performance
as longer inputs dilute relevant evidence [23, 45], and may even
exceed the context window of LLMs. Accordingly, we retrieve a
query-centric 1-hop temporal subgraph as the structural evidence
for each query. Specifically, given a query 𝑞 = (𝑢, 𝑣, 𝑡) for edge-level
prediction at time 𝑡 (e.g., edge classification), where 𝑢, 𝑣 ∈ V are
the source and target nodes respectively, we retrieve all historical
interactions of 𝑢 and 𝑣 before time 𝑡 as N(𝑢, 𝑡) and N(𝑣, 𝑡), where
N(𝑤, 𝑡 ) = { (𝑤,𝑥, 𝑟, 𝑦, 𝜏 ) ∈ G : 𝜏 < 𝑡 } ∪ { (𝑥, 𝑤, 𝑟, 𝑦, 𝜏 ) ∈ G : 𝜏 < 𝑡 } .

(8)
Additionally, to capture finer-grained interaction patterns between
𝑢 and 𝑣 , we also retrieve their mutual historical interactions as
S(𝑢, 𝑣, 𝑡 ) = { (𝑢, 𝑣, 𝑟, 𝑦, 𝜏 ) ∈ G : 𝜏 < 𝑡 } ∪ { (𝑣,𝑢, 𝑟, 𝑦, 𝜏 ) ∈ G : 𝜏 < 𝑡 } .

(9)
We obtain N∗ (𝑢, 𝑡), N∗ (𝑣, 𝑡) and S∗ (𝑢, 𝑣, 𝑡) by truncating N(𝑢, 𝑡),
N(𝑣, 𝑡) and S(𝑢, 𝑣, 𝑡) to the most recent𝑀 interactions if necessary.
We then merge them to form the query-centric temporal subgraph

G𝑞 = N∗ (𝑢, 𝑡 ) ∪ N∗ (𝑣, 𝑡 ) ∪ S∗ (𝑢, 𝑣, 𝑡 ) . (10)

This compact subgraph offers concentrated temporal structural
evidence, which is easy to serialize into a bounded-length context
for LLM consumption.

Text-aware Structural Encoding. We employ DyGFormer [54]
as our backbone graph encoder, which is a widely used tempo-
ral graph neural network (TGNN) for continuous-time dynamic
graph representation learning. DyGFormer is explicitly designed
to learn dynamic graph representations from historical 1-hop in-
teraction contexts, which aligns well with our query-centric 1-hop
temporal subgraph retrieval strategy. It encodes the temporal sub-
graph into a sequence of embeddings based on a transformer archi-
tecture. Denote the expert-specific 𝐿TGNN-layer graph encoder as
𝑔𝑘 = {𝑔 (𝑙 )

𝑘
(·)}𝐿TGNN

𝑙=1 , where 𝑘 is the index of the expert assigned to
the current task by the router in Section 3.1. The structural encoding
process can be formulated as:

H(0)
TGNN = Init

(
G𝑞, PLM

)
, (11)

H(𝑙 )
TGNN = 𝑔

(𝑙 )
𝑘

(
H(𝑙−1)
TGNN

)
, 𝑙 = 1, 2, . . . , 𝐿TGNN, (12)

where HTGNN ∈ R𝑚×𝑑TGNN is the TGNN hidden states of length
𝑚 and dimension 𝑑TGNN. Init(·, PLM) maps interactions in G𝑞 to a
sequence of initial features𝐻 (0)

TGNN following the DyGFormer design.
Specifically, to make the structural encoding text-aware, we use a
pre-trained language model to get the representations of textual
attributes associated with nodes and edges in G𝑞 , and then use the
PLM embeddings to initialize the node and edge features in the
process of Init(·, PLM).

To obtain a meaningful structural encoding, we apply mean
pooling over the TGNN hidden states and then attach an MLP
classifier on top of this pooled representation to train the TGNN on
the current task. With mean pooling, deeper hidden states tend to
encode more global information, since they are jointly optimized
to form a discriminative pooled summary.

Structure-aware Textual Modeling. To capture the rich se-
mantics of textual attributes in DyTAGs, we incorporate an LLM
to perform textual modeling. Instead of using LLM for modeling
each node/edge attribute in isolation, we perform structure-aware
textual modeling, modeling textual attributes conditioned on the
query-centric temporal subgraph G𝑞 . We use a pre-defined prompt
template Prompt(·) to serialize the G𝑞 into a text sequence, which
explicitly lists the historical interactions and their associated text
attributes in the order of time. Denote the pre-trained 𝐿LLM LLM
layers as 𝑓pretrain = {𝑓 (𝑙 ) (·;Θ(𝑙 ) )}𝐿LLM

𝑙=1 , where {Θ(𝑙 ) } are the pre-
trained parameters of LLM. The textual modeling process can be
formulated as:

H(0)
LLM = Tokenizer

(
Prompt(G𝑞 )

)
, (13)

H(𝑙 )
LLM = 𝑓 (𝑙 )

(
H(𝑙−1)
LLM ;Θ(𝑙 )

)
, 𝑙 = 1, 2, . . . , 𝐿LLM, (14)

where HLLM ∈ R𝑛×𝑑LLM is the LLM hidden states of length 𝑛 and
dimension 𝑑LLM.

Low-Rank Multi-Scale Fusion. In contrast to prior DyTAG
approaches that treat the LLM as a frozen feature extractor for text
encoding [36, 47, 58], we use the LLM not only for textual modeling
but also as the final predictor for downstream tasks. Additionally, to
effectively integrate structural and textual information, we propose
a low-rank multi-scale fusion mechanism that injects structural
knowledge into the LLM during its internal process. Specifically,
we insert a set of low-rank fusion layers into the LLM at selected
depths 𝑆𝐿 ⊆ {1, 2, . . . , 𝐿LLM}. For each fusion layer at depth 𝑙 ∈ 𝑆𝐿 ,
we fuse the LLM hidden states H(𝑙−1)

fused from the previous layer with
the TGNN hidden states H(LayerMap(𝑙 ) )

TGNN at a corresponding depth
LayerMap(𝑙) via a layer mapping function. Here, LayerMap(·) spec-
ifies a depth-aligned correspondence between the LLM and the
TGNN, which can be formulated as

LayerMap(𝑙 ) =
⌈

𝑙

𝐿LLM
× (𝐿TGNN + 1) − 1

⌉
. (15)

Here, we assume 𝐿LLM > 𝐿TGNN so the layer mapping is well-
defined, which is usually the practical case, as LLMs tend to be
deeper than TGNNs. Earlier TGNN layers preservemore fine-grained
interaction-level evidence, while later layers aggregate and abstract
over longer temporal contexts. LayerMap aligns these TGNN scales
to LLM depths so that shallow LLM layers receive local cues and
deeper layers receive more global summaries, resulting in a hier-
archical and multi-scale fusion. The fusion process at layer 𝑙 ∈ 𝑆𝐿
can be formulated as the following two-step procedure:

H(𝑙 ) ′
fused = 𝑓 (𝑙 )

(
H(𝑙−1)
fused ;Θ(𝑙 ) + ΔΘ(𝑙 )

𝑘

)
, 𝑙 ∈ 𝑆𝐿, (16)

H(𝑙 )
fused = Fusion(𝑙 )

𝑘

(
H(𝑙 ) ′
fused,H

(LayerMap(𝑙 ) )
TGNN

)
, 𝑙 ∈ 𝑆𝐿, (17)

where ΔΘ(𝑙 )
𝑘

are the expert-specific LoRA adaptation weights [13]
at layer 𝑙 for efficient LLM fine-tuning, and Fusion(𝑙 )

𝑘
(·, ·) is the

expert-specific fusion mechanism at layer 𝑙 , both parameterized
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by the 𝑘-th expert. We implement the fusion mechanism with a
low-rank cross-attention as follows:

Q = H(𝑙 ) ′
fusedW𝑄 , (18)

K = H(LayerMap(𝑙 ) )
TGNN W𝐾 , (19)

V = H(LayerMap(𝑙 ) )
TGNN W𝑉 , (20)

H(𝑙 )
fused = H(𝑙 ) ′

fused + 𝛾 · Softmax
(
QK⊤
√
𝑟

)
VW𝑂 , (21)

whereW𝑄 ∈ R𝑑LLM×𝑟 ,W𝐾 ∈ R𝑑TGNN×𝑟 ,W𝑉 ∈ R𝑑TGNN×𝑟 , andW𝑂 ∈
R𝑟×𝑑LLM are learnable linear projections with a small rank 𝑟 , and𝛾 is
a learnable gating scalar that balances the contributions of injected
structural information. For layers without fusion, we simply use
the pre-trained LLM layers to process the hidden states:

H(0)
fused = H(0)

LLM, H(𝑙 )
fused = 𝑓 (𝑙 )

(
H(𝑙−1)
fused ;Θ(𝑙 )

)
∀𝑙 ∉ 𝑆𝐿 . (22)

With this multi-scale fusion mechanism, the LLM can perform
downstream inference with its internal hidden states explicitly
conditioned on injected structural information. We use the LLM
as the predictor in a generative manner. Given the fused hidden
states, the model produces the task prediction by generating the
answer text directly, and the generated text is mapped to a label via
exact string matching. Additionally, by predicting via generation,
we avoid introducing an extra learnable classifier in the end. This is
desirable in class-incremental learning, where the last classifier is
known to suffer from a strong bias toward new classes [34, 48, 72].

Invariance Regularization. By routing the current task T𝑖 to
expert 𝑘 , the pattern G𝑖 shares mutual knowledge and the same
parameter sets with historical patterns {G𝑗 : arg maxR𝑗 = 𝑘, 𝑗 < 𝑖}.
To further enhance mutual knowledge sharing among these similar
patterns, we introduce an invariance regularization that encourages
the model to produce consistent predictions among them by opti-
mizing the variance of their task loss. Since the historical patterns
are no longer accessible due to the continual learning setting, we use
a small memory buffer to store a few representative query-centric
temporal subgraphs Ḡ𝑗 for each historical pattern G𝑗 . The buffer
is used only to compute invariance regularization, rather than as
an independent replay module. For simplicity, we use the newest
few queries from each historical task to construct Ḡ𝑗 . Therefore,
the invariance regularization can be formulated as:

Linv = Var
(
𝑙 (Θ𝑘 , Ḡ𝑗 ) | arg maxR𝑗 = 𝑘

)
, (23)

where 𝑙 (Θ𝑘 ,G) is the task loss. The final loss is a combination of the
task loss on the current pattern and the invariance regularization:

L = 𝑙 (Θ𝑘 , G𝑖 ) + 𝜆Linv, (24)

where 𝜆 is a hyper-parameter controlling the strength of the invari-
ance regularization. The overall training pipeline of Continual-
GraphLLM is summarized in Algorithm 1.

4 Experiments
In this section, we conduct experiments on real-world continuous-
time DyTAG datasets to verify the design of our method.

4.1 Experimental Setup
Datasets. We conduct experiments to evaluate our method on

three real-world DyTAG datasets from DTGB [56], including En-
ron, GDELT, and ICEWS1819. DTGB targets the standard closed
DyTAG learning protocol, rather than continual learning, so we
transform the datasets into a sequence of tasks. For Enron, the label
set remains fixed across tasks, and the differences between tasks
primarily arise from implicit evolution in DyTAG patterns over time
(domain incremental learning). We refer to this variant as Enron-
DI. For GDELT and ICEWS1819, we select the most frequent 20
labels as the overall label set and add two new labels per task (class
incremental learning). We refer to these variants as GDELT-CI and
ICEWS1819-CI. Following DTGB, all datasets are chronologically
split into 70%/15%/15% for training, validation, and testing.

Baselines. We compare our method with three temporal graph
neural networks GraphMixer [5], TGAT [50], DyGFormer [54],
and a dynamic graph LLM method CROSS [58]. Since these meth-
ods are not designed for continual learning, we adapt themwith sev-
eral widely-used continual learning techniques: EWC [19], TWP
[30], and ER-GNN [74]. We also evaluate the performance of a pure
LLM Qwen3-8B [52] with our query-centric temporal subgraph
prompting as another baseline, including zero-shot prompting, di-
rect fine-tuning, and continual learning with the general-purpose
approach EWC. For a fair comparison with LLM baselines, our
method uses the same LLM backbone, i.e., Qwen3-8B, unless oth-
erwise specified. More details about the baselines are provided in
Appendix C.2.

Evaluation. After learning on task T𝑖 , the model is expected
to perform well on all seen tasks {T1,T2, . . . ,T𝑖 }. Denote 𝑃𝑖, 𝑗 as
the performance (any downstream metric) on the previous task
T𝑗 after learning on task T𝑖 , where 𝑖 ≥ 𝑗 . We evaluate the model
performance in continual learning from the following aspects: 1)
Average Performance (AP), measuring the final performance of
models on all tasks: AP = 1

𝑁

∑𝑁
𝑗=1 𝑃𝑁,𝑗 , where 𝑁 is the total number

of tasks. 2) Average Forgetting (AF), measuring the extent of
forgetting on previous tasks: AF = 1

𝑁−1
∑𝑁−1
𝑗=1 (𝑃𝑁,𝑗−𝑃 𝑗, 𝑗 ). Typically,

AF is less than zero, indicating the occurrence of forgetting (i.e.,
performance drops on previous tasks after learning new ones). A
larger AF indicates better knowledge retention.

We adopt the edge classification for the downstream task, and
use weighted recall (equivalent to accuracy) and weighted F1-score
as downstream evaluation metrics.

4.2 Main Results
The results of weighted recall and weighted F1-score are summa-
rized in Table 1. From the results, we have the following observa-
tions:

• Compared to the methods using TGNNs as the final predic-
tors, LLMs show a clear advantage for DyTAG continual
learning. Notably, even directly fine-tuning LLMs on each
incoming task yields competitive performance, which high-
lights the benefit of using LLMs as the final predictor without
a classifier head, together with our query-centric temporal
subgraph formulation.
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Table 1: The results (%) of all the methods on the real-world datasets in terms of weighted recall and weighted F1-score. Numbers
after the ± signs represent standard deviations. The best results are in bold, and the second-best results are underlined.

Method
Enron-DI GDELT-CI ICEWS1819-CI

Recall (Accuracy) F1-Score Recall (Accuracy) F1-Score Recall (Accuracy) F1-Score
AP AF AP AF AP AF AP AF AP AF AP AF

GraphMixer 42.93±2.39 −9.42±2.49 34.61±6.07 −14.07±6.66 7.58±1.69 −60.86±1.85 7.76±1.83 −56.44±2.69 5.98±0.08 −77.64±1.53 5.85±0.15 −76.48±2.86

GraphMixer + EWC 45.46±3.91 −5.94±4.89 41.61±3.69 −5.65±4.79 11.62±2.48 −54.63±2.70 13.89±3.15 −45.65±3.74 7.30±1.37 −76.46±1.39 7.71±2.10 −75.08±2.37

GraphMixer + TWP 45.74±2.67 −5.78±2.79 42.52±3.47 −5.01±3.66 7.90±1.78 −59.51±2.49 8.80±2.46 −53.12±4.34 6.96±0.68 −77.27±1.06 7.32±1.02 −75.85±1.64

GraphMixer + ER 51.26±2.05 −2.90±2.24 47.07±3.78 −3.56±3.80 56.03±2.41 −6.59±2.93 51.02±2.43 −7.19±3.44 67.80±3.03 −7.80±2.03 67.13±2.69 −7.92±3.48

TGAT 38.59±1.69 −12.68±1.54 26.32±1.00 −20.63±1.84 6.41±0.59 −58.44±0.83 5.55±0.85 −50.06±2.28 5.45±0.20 −75.68±0.99 4.52±0.69 −74.84±1.80

TGAT + EWC 41.09±2.09 −10.68±2.42 35.82±5.05 −11.46±5.48 10.05±4.31 −56.19±4.26 10.58±5.42 −48.79±5.28 5.26±0.16 −76.13±0.40 3.93±0.30 −75.39±0.78

TGAT + TWP 42.62±3.33 −9.10±3.55 34.86±5.52 −12.09±5.33 7.73±2.64 −57.14±1.93 7.22±3.46 −50.12±1.91 5.49±0.44 −75.57±0.61 4.73±1.05 −73.83±1.15

TGAT + ER 50.86±3.31 −2.04±2.64 45.76±4.16 −3.51±3.48 53.78±3.85 −8.95±5.04 47.14±3.28 −11.00±4.81 63.88±6.90 −12.79±7.00 64.01±5.98 −11.96±5.68

DyGFormer 41.58±2.82 −11.90±2.78 31.55±3.27 −18.21±3.63 5.71±0.45 −60.07±0.18 5.23±0.35 −53.70±1.59 6.11±1.19 −74.19±1.81 5.77±1.30 −72.74±2.77

DyGFormer + EWC 44.29±1.42 −9.17±1.21 37.65±1.31 −11.64±1.16 6.51±1.49 −58.53±0.80 6.48±1.62 −51.64±0.72 6.38±1.24 −72.13±1.67 5.71±1.92 −70.30±2.05

DyGFormer + TWP 42.31±2.28 −10.94±1.99 34.16±2.65 −15.11±2.87 7.89±1.05 −57.74±1.71 8.81±1.55 −50.69±2.07 6.46±0.67 −74.67±1.38 6.10±0.96 −73.41±2.06

DyGFormer + ER 48.51±1.48 −5.27±1.92 42.52±2.30 −7.97±2.58 51.35±5.26 −10.04±6.12 47.35±3.90 −8.43±4.85 64.86±6.85 −10.40±6.67 64.82±5.95 −9.52±5.13

CROSS 42.02±2.06 −11.59±2.30 32.78±2.10 −17.11±2.65 5.75±0.81 −60.05±0.75 5.33±0.72 −53.37±2.12 5.30±0.25 −75.39±0.79 4.13±0.85 −73.35±1.44

CROSS + EWC 47.21±2.55 −5.73±2.99 43.31±5.16 −5.42±5.63 5.87±1.10 −58.44±2.61 5.13±1.58 −52.18±2.28 5.83±1.36 −76.69±1.92 4.81±1.74 −75.18±3.11

CROSS + TWP 45.25±2.69 −7.54±3.06 40.75±3.73 −7.89±4.22 5.91±0.72 −59.02±1.23 5.84±0.78 −51.59±2.96 6.89±0.78 −74.40±1.73 7.11±1.40 −71.20±3.64

CROSS + ER 48.86±2.07 −4.67±1.94 45.34±3.15 −5.45±3.10 48.23±6.20 −12.19±5.40 43.61±6.71 −11.49±5.87 53.81±3.10 −22.53±3.49 53.26±3.17 −21.78±4.15

Qwen3-8B + G𝑞 (frozen) 49.50 - 49.62 - 53.60 - 55.71 - 55.26 - 59.67 -
Qwen3-8B + G𝑞 49.09±0.16 −5.60±0.08 42.36±0.07 −8.35±0.35 61.91±0.98 −3.89±0.75 58.29±1.65 −6.90±1.46 63.67±3.29 −13.54±3.67 62.77±2.98 −14.08±3.38

Qwen3-8B + G𝑞 + EWC 53.96±0.44 −0.15±0.64 49.66±0.44 −0.33±0.77 62.48±0.08 −3.58±0.12 59.86±0.15 −5.49±0.15 56.79±2.62 −22.30±3.15 62.11±2.51 −15.88±3.20

Ours (Qwen3-8B) 56.27±0.45 -0.10±0.43 53.74±0.51 -0.03±0.45 65.60±0.51 -0.46±0.28 65.11±0.57 -0.45±0.20 75.61±0.12 -2.67±0.13 76.00±0.10 -2.08±0.19

• Our method achieves significant improvements over all base-
lines across datasets. In particular, our method improves 8%
in terms of average performance and 5% in terms of aver-
age forgetting over the best baseline on the ICEWS1819-CI
dataset. The results demonstrate the effectiveness of our
method.

4.3 Ablation Study
To verify the effectiveness of the key components in our method, we
compare different ablated variants of our method on each dataset:
1) w/o TGNN removes the TGNN model in text-aware structural
encoding; 2) w/o LLM removes the LLM model in structure-aware
textual modeling and directly uses the structural embeddings for the
final prediction; 3) w/o Inv removes the invariance regularization
for each expert; 4) w/o Router removes the factor-based router
and uses a single expert for all tasks; 5) Cyclic Route replaces the
router with a cyclic router that routes task T𝑖 to expert 𝑖 mod 𝐾 ;
6) Random Route replaces the router with a random router that
uniformly randomly routes each task to an expert.

Note that for cyclic and random routing, the task identities are
leaked to the router so that the routing behavior can be the same dur-
ing training and testing. The results of GDELT-CI and ICEWS1819-
CI are shown in Figure 3. We observe that the full model achieves
the best performance across all datasets, demonstrating the effec-
tiveness of each component in our method. We further observe the
following: 1) The TGNN provides compact structural representa-
tions and helps the LLM better understand DyTAG dynamics and
broadens its effective receptive field beyond the raw textual context.
Removing the TGNN impairs the ability to capture and interpret

Figure 3: Comparisons of different ablated variants in terms
of average performance (AP) and average forgetting (AF).
"Full" denotes the full version of our method.

DyTAG structural patterns conditional on textual attributes. 2) The
LLM models the rich textual attributes in DyTAGs and performs
prediction over an open label set, playing a critical role in continual
learning on DyTAGs. Removing the LLM causes the largest perfor-
mance drop on all datasets. 3) Invariance regularization stabilizes
each expert to focus on the mutual knowledge across tasks, thus
enhancing knowledge retention. Removing the invariance regular-
ization makes experts more prone to being biased toward the most
recently assigned patterns. 4) The router dynamically activates new
experts when necessary and encourages each expert to specialize
in similar DyTAG patterns. Removing the router leads to a sub-
stantial performance drop, suggesting that individual experts have
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limited capacity and that separating patterns is crucial. 5) More-
over, the two task-ID-based routing variants (cyclic and random)
are suboptimal even though they exploit task identity as a shortcut,
further demonstrating the effectiveness of our factor-based routing
strategy.

4.4 LLM Backbone Generality
Weevaluate the influence of different LLMbackbones on ourmethod,
including Qwen3-8B [52] (default), Vicuna-7B [4], and Mistral-7B
[15], compared with the best-performing baseline. The results are
shown in Figure 4. Our method consistently outperforms the base-
line across different LLM backbones.

Figure 4: Comparisons of different LLM backbones in terms
of average performance (AP) and average forgetting (AF).

4.5 Hyperparameter Sensitivity Analysis
We analyze the sensitivity of our method over the essential hyper-
parameters on ICEWS1819-CI and GDELT-CI, including the weight
of the invariance loss 𝜆 and the maximum number of experts 𝐾 .

Figure 5: Sensitivity analysis on the weight of invariance
regularization 𝜆.

Weight of Invariance Regularization. We vary the weight 𝜆
from {0, 0.05, 0.5, 5} while keeping all other hyperparameters fixed.
As shown in Figure 5, increasing 𝜆 from 0 to a moderate value
improves AP and especially AF, demonstrating the effectiveness of
invariance regularization in enhancing knowledge retention. How-
ever, a large 𝜆 leads to significant performance degradation, as the
model overly focuses on invariance and neglects task adaptations.

Number of Experts. We vary 𝐾 from {1, 3, 4, 5, 6, 7, 𝑁 } while
keeping all other hyperparameters fixed. As shown in Figure 6,
increasing the maximum number of experts 𝐾 can usually improve
model performance, as it allows better separation of different Dy-
TAG patterns. However, a larger 𝐾 leads to a proportional increase
in model parameters, and is not always beneficial since it may re-
duce the mutual knowledge sharing. In practice, if the 𝐾 cannot be
determined a priori, the expert expansion can be controlled solely
by Equation 7, where a larger 𝑑𝐻 leads to more conservative expan-
sion. We further analyze the number of experts via Monte Carlo
simulation: under a Gaussian assumption on 𝑑𝑖 𝑗 ∼ N(𝜇, 𝜎2), setting
𝑑𝐻 to 𝜇 − 𝜎 , 𝜇, and 𝜇 + 𝜎 corresponds to expected final number of
experts 𝐾 being 6.7, 4.4, and 2.7 for 10 tasks, respectively.

Figure 6: Sensitivity analysis on the number of experts 𝐾 .

4.6 Routing Behavior Showcase and Analysis
The contribution of the router has been quantitatively verified
through the ablation study in Section 4.3. To further improve the
interpretability of the routing mechanism, we provide a representa-
tive showcase on GDELT-CI. After continual training, we evaluate
each expert on every task. The results are reported in Table 2, where
the underlined entries denote the experts selected by the router.

The average performance over all expert-task pairs is 61.8, while
the average performance of the routed experts reaches 65.1. More-
over, the average rank of the routed expert is 1.6. These results
indicate that the router assigns each task to the best or near-best
expert during testing without a task identity.

Table 2: Expert-task weighted-recall performances (%) on
GDELT-CI. Underlined entries denote the routed experts.

T1 T2 T3 T4 T5 T6 T7 T8 T9 T10
Expert 1 63.4 55.3 59.5 60.1 67.8 56.3 60.4 50.7 48.1 61.6
Expert 2 62.3 65.3 54.1 65.9 70.7 64.4 49.7 55.7 57.4 61.2
Expert 3 64.3 62.8 57.5 71.9 71.4 61.1 60.6 56.2 56.8 71.1
Expert 4 64.7 64.1 59.4 73.2 72.5 66.8 68.3 53.4 56.4 68.3
Expert 5 62.9 62.6 59.6 65.1 64.8 68.0 68.8 51.9 49.2 66.2
Rank of routed expert 3 1 2 2 1 1 1 3 1 1

Figure 7 visualizes the routing scores of all experts on each task
during training, using ICEWS1819-CI with 𝐾 = 4 as an example. In
the early stage, the router tends to allocate new experts. After the
budget is reached, the router builds a more global understanding
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of the pattern space and reuses the existing experts for subsequent
tasks. The router produces a relatively balanced assignment instead
of assigning most tasks to few experts, since Equation 7 has a self-
balancing property: an expert that has already been assigned to
more tasks becomes less likely to receive subsequent tasks. The
result also suggests stable expert specialization over time. In partic-
ular, task 4 has a larger discrepancy than the others, so expert 3 is
specialized for this task and never reused by subsequent tasks. The
router avoids mixing it with potentially incompatible tasks.

Figure 7: Routing scores (%) on ICEWS1819-CI. The red boxes
denote the routed experts with the highest scores.

4.7 Efficiency Analysis
We evaluate the empirical efficiency under the fixed physical batch
size of 2. Table 3 reports the total training time, total inference
time and peak GPU memory of LLM methods, where runtime is
measured as the sum of one-epoch runtime over all tasks. Compared
with directly applying EWC to LLM, our method achieves lower
runtime on Enron-DI and ICEWS1819-CI, and remains comparable
on GDELT-CI, showing a favorable efficiency while improving
continual learning performance.

Moreover, since exactly one expert is activated, computation in
forward/backward pass remains constant as the number of experts
increases. Although our method requires higher GPU memory, the
additional memory is mainly from the fixed activations instead of
expert parameters. In practice, when varying the number of experts,
the peak GPU memory changes by less than 1GB.

Table 3: Efficiency comparison. The format of each cell is
"training time / inference time / peak GPU memory".

Statistic Enron-DI GDELT-CI ICEWS1819-CI

Qwen3-8B + G𝑞 (frozen) 0 / 3.0h / 9.8GB 0 / 0.9h / 9.9GB 0 / 1.2h / 9.9GB
Qwen3-8B + G𝑞 7.9h / 3.1h / 20.8GB 2.1h / 0.8h / 22.9GB 2.6h / 1.2h / 23.7GB
Qwen3-8B + G𝑞 + EWC 14.7h / 4.1h / 20.8GB 2.6h / 0.9h / 23.0GB 4.2h / 1.8h / 23.9GB
Ours (Qwen3-8B) 13.2h / 3.2h / 31.0GB 3.1h / 1.0h / 32.9GB 3.5h / 1.2h / 36.2GB

5 Related Works
Graph Continual Learning. Different from graph OOD gen-

eralization [3, 24–28, 40, 67, 70, 71], graph continual learning aims
to learn a sequence of graph tasks while retaining performance
on previously learned tasks, typically under constraints such as
restricted access to historical data [41, 55, 65]. Existing methods can
be categorized into three main approaches: replay-based methods
[32, 33, 60, 63, 64, 74] store a subset of historical data and replay

it during training; regularization-based methods [1, 6, 30, 51, 59]
introduce regularization terms to preserve important parameters;
architecture-based methods [20, 57, 62] dynamically expand the
model architecture to accommodate new tasks. Most existing graph
continual learning methods focus on node classification over static
graph streams or discrete-time dynamic graphs. Some works ex-
tend continual learning to continuous-time dynamic graphs. For
instance, OTGNet [10] highlights the heterophily propagation issue
in continuous-time dynamic graph continual learning, and handles
class-incremental node classification via a triad-structure replay
buffer; LTF [29] studies the scenario where old classes keep evolv-
ing while new classes emerge in continuous-time dynamic graphs,
and updates TGNNs via a theory-guided subgraph selection. These
graph continual learning methods operate on structure-only graphs,
facing challenges in modeling textual information dynamics and
handling the joint evolution of structural-textual patterns in Dy-
TAGs.

Dynamic Graph LLM. Building upon the remarkable success
of LLMs in graph learning, recent research has explored the integra-
tion of LLMs into dynamic graph modeling [2, 14, 66, 69, 73], tempo-
ral knowledge graph modeling [2, 21, 49], and DyTAG modeling by
leveraging the semantic expressiveness and reasoning capabilities
of LLMs. For DyTAGs, LKD4DyTAG [36] distills LLM-derived tex-
tual edge representations into a TGNNwith temporal edge encoding
for DyTAG tasks; CROSS [58] leverages LLM to extract the temporal
semantics and a co-encoder to fuse both semantics and structures
in DyTAGs into a unified representation; DyGRASP [47] leverages
both the implicit and the explicit reasoning capabilities of LLMs to
capture recent-global temporal semantics in DyTAGs; GAD [22]
utilizes a multi-agent system where collaborative LLM agents de-
compose the DyTAG prediction problem into specialized sub-tasks.
However, these methods assume an offline, closed-world setting
and optimize for a specific distribution of patterns. This assumption
breaks down in DyTAG continual learning, where the model must
continually adapt to emerging patterns with joint structural-textual
evolution.

6 Conclusion
We propose Continual-GraphLLM, a continual dynamic graph
LLM framework that adapts to each incoming DyTAG pattern
by routing it to experts specialized in similar past patterns, and
mitigates forgetting by sharing mutual knowledge among simi-
lar patterns routed to the same expert. Specifically, Continual-
GraphLLM routes each incoming DyTAG pattern to a suitable
expert adaptively based on pattern-factor distribution matching.
Similar patterns are routed to the same expert, making adaptation
easier. Then each expert uses invariance regularization to capture
the invariances and share mutual knowledge among similar pat-
terns routed to the same expert, therebymitigating forgetting. Struc-
tural information and textual information are fused progressively
to enhance the model’s ability to capture complex relationships
between graph structure and text.
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A Algorithm Details
The training procedure of our method is shown in Algorithm 1.

Algorithm 1 Training pipeline of Continual-GraphLLM
Require: an incoming training pattern G𝑖 .
1: Learn a factor F𝑖 using Equation 1 and add into storage
2: Route to and activate expert 𝑘 using Equation 7
3: for interaction (𝑢, 𝑣, 𝑟,𝑦, 𝑡) ∈ G𝑖 , query 𝑞 = (𝑢, 𝑣, 𝑡) do
4: Retrieve subgraph G𝑞 using Equation 10
5: Get TGNN states {H(𝑙 )

TGNN} using Equation 12
6: end for
7: Update TGNN with the loss L using Equation 24
8: for interaction (𝑢, 𝑣, 𝑟,𝑦, 𝑡) ∈ G𝑖 , query 𝑞 = (𝑢, 𝑣, 𝑡) do
9: Retrieve subgraph G𝑞 using Equation 10
10: Get TGNN states {H(𝑙 )

TGNN} using Equation 12
11: Get fused states {H(𝑙 )

fused} using Equation 17, 22
12: end for
13: Update other weights with the loss L using Equation 24

B Joint Structural-Textual Evolution Across
Patterns

Figure 1 provides intuitive evidence of joint structural-textual shifts
across DyTAG patterns. In Figure 1a, we divide interactions in each
pattern G𝑖 into multiple structural groups {G𝑖,𝑔}𝑔 based on the de-
gree of nodes, and then we compute the similarity of the mean
textual features between two consecutive patterns G𝑖,𝑔 and G𝑖+1,𝑔
for each group 𝑔. Specifically, the first row shows the similarity of
mean textual features between G𝑖 and G𝑖+1 without grouping. The
results show that if we ignore structural information, the textual
information looks stable across patterns. However, the textual in-
formation conditioned on structural information shows significant
shifts across patterns, which can be formulated as

𝑃 (text(G𝑖 ) ) ≈ 𝑃 (text(G𝑗 ) ), (25)
𝑃 (text(G𝑖 ) | struct(G𝑖 ) = 𝑔) ≠ 𝑃 (text(G𝑗 ) | struct(G𝑗 ) = 𝑔) . (26)

Symmetrically, in Figure 1b, we divide nodes in each pattern G𝑖 into
multiple textual groups {G𝑖,𝑔}𝑔 based on the mean textual features
of related interactions, and then we compute the average degree of
each pattern and group G𝑖,𝑔 . Specifically, the first row shows the
average degree of G𝑖 without grouping. The results show that if we
ignore textual information, the structural information looks stable
across patterns. However, the structural information conditioned on
textual information shows significant shifts across patterns, which
can be formulated as

𝑃 (struct(G𝑖 ) ) ≈ 𝑃 (struct(G𝑗 ) ), (27)
𝑃 (struct(G𝑖 ) | text(G𝑖 ) = 𝑔) ≠ 𝑃 (struct(G𝑗 ) | text(G𝑗 ) = 𝑔) . (28)

These results provide intuitive evidence of joint structural-textual
shifts across patterns, which motivates us to design our method to



KDD ’26, August 09–13, 2026, Jeju Island, Republic of Korea Tianhang Wan, Xin Wang, Haibo Chen, Longtao Huang, and Wenwu Zhu

capture such joint shifts instead of modeling structural and textual
information separately.

C Experiment Details
C.1 Dataset Details

Table 4: Dataset statistics for the experiments.

Statistic Enron-DI GDELT-CI ICEWS1819-CI

# Nodes 22,185 3,333 12,554
# Edges 340,910 73,231 91,276
# Timestamps 235 2,000 730
# Labels 10 20 20

# Tasks 20 10 10
# Labels per Task 10 2 2

Setting domain-incremental class-incremental class-incremental

We summarize the dataset statistics in Table 4 and provide descrip-
tions of these datasets as follows.

Enron-DI1 is an email communication dataset collected from
the Enron Corporation. The nodes represent employees, and the
edges represent email communications between employees. The
text attribute of each node is the information from the department
and position of employees, if available, and the text attribute of
each edge is the email content. This dataset contains 10 labels of
edges in total, indicating the category of email. The most frequent
3 labels are “notes_inbox”, “personal”, and “deal_communication”.
We partition the dataset into 20 tasks based on the timestamp. Each
task corresponds to a contiguous time interval and contains at least
15,000 interactions.

GDELT-CI2 is a global event dataset collected from the Global
Database of Events, Language, and Tone project. The nodes rep-
resent political entities such as countries, and the edges represent
relationships between political entities such as “Make Statement”.
The text attribute of each node is the name of the entity, and the
text attribute of each edge is the description of the relationship. We
select the most frequent 20 labels of edges, and partition the dataset
into 10 tasks based on the timestamp, where each task corresponds
to a contiguous time interval and introduces 2 new labels.

ICEWS1819-CI3 is also an event dataset collected from the In-
tegrated Crisis Early Warning System project. The nodes represent
political entities, and the edges represent relationships between
them. The text attribute of each node includes the name, sector, and
nationality. The text attribute of each edge is the description of the
relationship. We select the most frequent 20 labels of edges, and
partition the dataset into 10 tasks based on the timestamp, where
each task corresponds to a contiguous time interval and introduces
2 new labels.

C.2 Baseline Details
We adopt several TGNN methods and dynamic graph LLM meth-
ods, with different continual learning approaches as baselines for
comparisons.
1https://www.cs.cmu.edu/~enron/
2https://www.gdeltproject.org/
3https://dataverse.harvard.edu/dataverse/icews

• TGNNs and dynamic graph LLMs: GraphMixer [5] uses a
conceptually and technically simple architecture with only
MLPs and pooling to encode the temporal information of
interactions. It avoids RNN [12] or attention mechanism
[42] and still achieves competitive performance on dynamic
graph learning tasks. TGAT [50] uses a self-attention mech-
anism as a building block and a functional time encoding
technique, which efficiently aggregates neighborhood infor-
mation to generate time-aware embeddings. DyGFormer
[54] learns from nodes’ historical first-hop interactions. It
utilizes a neighbor co-occurrence encoding scheme and a
patching technique, and then uses a transformer architecture
to encode the temporal information of interactions. CROSS
[58] is a dynamic graph LLM method that uses an LLM to
dynamically extract the temporal semantics and generate
cohesive representations unifying both semantics and struc-
tures. It then uses a co-encoder for synthesizing illuminating
representations.

• Continual learning approaches:EWC [19] is a regularization-
based method that selectively slows down the learning of
parameters important to previous tasks, where the impor-
tance is estimated by the Fisher information matrix. TWP
[30] is a regularization-based method that explicitly explores
the local structures of the input graph and attempts to stabi-
lize the parameters playing pivotal roles in the topological
aggregation. ER-GNN [74] is a replay-based method that
stores knowledge from previous tasks as experiences and
replays them when learning new tasks to mitigate the cata-
strophic forgetting issue.

C.3 Implementation Details
We use Qwen3-8B as the default LLM backbone. We load the LLM
in 4-bit quantization for memory efficiency and perform training
with bfloat16 mixed precision. We inject a fusion mechanism every
4 layers in the LLM, and LoRA is applied to the attention weights
𝑊 𝑞𝑘𝑣 on the layers with the fusion mechanism. For our method’s
hyperparameters, we set𝐾 = 5 for the maximum number of experts
on GDELT-CI and ICEWS1819-CI and 𝐾 = 10 on Enron-DI,𝑀 = 8
for the size of the query-centric temporal subgraph, 𝜆 = 0.5 for
the weight of invariance regularization, and 𝑟 = 64 for the rank
of the fusion mechanism. The factor size is set to 300, and the
replay buffer size is set to at most 5% of the training data. We set
𝛼 = 2, 𝑑𝐻 = 0.6 for routing, and set 𝛽 = 0.9 for pattern-factor
discrepancy calculation. Following DTGB [56], we adopt Bert [8]
as the PLM for textual feature extraction.

For every method and every dataset, the learning rate is set to
10−4, the batch size is set to 64, and the Adam optimizer [18] is
used for optimization. The training is stopped after the validation
performance does not improve for 𝑃 consecutive epochs. 𝑃 is set to
1 for LLM methods and set to 5 for non-LLM methods.

We run all experiments with 3 random seeds for LLM-based
methods and 5 random seeds for TGNN-based methods. Other
learning hyperparameters and model hyperparameters of TGNN-
based methods are set following DTGB [56].

https://www.cs.cmu.edu/~enron/
https://www.gdeltproject.org/
https://dataverse.harvard.edu/dataverse/icews
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