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Abstract

Unlike conventional static graphs, dynamic
graphs evolve over time as their links change.
Recent benchmarks, such as the Dynamic Text-
attributed Graph Benchmark, further enable
the study of dynamic graph learning with rich
textual information on nodes and edges. The
success of graph instruction tuning on static
text-attributed graphs motivates us to extend
this approach to dynamic graphs. However,
previous works suggest that directly using
LLMs as predictors on dynamic graphs of-
ten underperforms traditional dynamic graph
models. To address this issue, we propose a
novel two-stage training framework consisting
of Dynamic Text-attributed Graph Instruction
Tuning (DTGIT) followed by standard super-
vised training. Unlike prior approaches that em-
ploy instruction tuning to enhance LLMs’ un-
derstanding of graph structures and directly use
LLMs as predictors for downstream tasks, our
proposed instruction tuning framework serves
as a warm-up stage before standard supervised
training. Specifically, during the instruction
tuning stage, the embeddings produced by the
dynamic graph model are aligned with tem-
poral semantics in the natural language space,
while the LLM itself is not directly used as a
predictor for downstream tasks. In the second
stage, the dynamic graph model is initialized
with the knowledge acquired during instruc-
tion tuning and further fine-tuned in a super-
vised manner for downstream tasks. Exten-
sive experiments demonstrate that existing dy-
namic graph models (e.g., DyGFormer) can
achieve improved performance on the down-
stream tasks, particularly on link prediction,
when trained with our framework.

1 Introduction

In contrast to traditional static graphs, where
the connections between nodes remain static, dy-
namic graphs feature evolving relationships be-
tween nodes over time. These dynamic graphs
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Figure 1: The illustration of a dynamic text-attributed
graph. The graph represents email communications
between employees over time. There is rich textual
information (e.g., names of employees) in the graph.

are common in real-world applications, such as
social networks, where interactions between users
change continuously. To capture the temporal de-
pendencies in such graphs, many temporal graph
learning methods (Yu et al., 2023; Tian et al., 2023;
Li et al., 2025b; Shi et al., 2026a) have been devel-
oped. These approaches aggregate both structural
and temporal information from neighboring nodes,
allowing them to effectively model evolving behav-
iors of nodes within the dynamic graph and make
accurate predictions about future interactions.
Similar to text-attributed graphs, where rich
textual information is associated with nodes and
edges in static graphs, recent work by Zhang et
al. (Zhang et al., 2024a) introduced the Dynamic
Text-Attributed Graph Benchmark (DTGB) to facil-
itate the exploitation of textual information for tem-
poral dependency modeling. As illustrated in Fig-
ure 1, each dataset in this benchmark is augmented
with semantic textual descriptions that characterize
both nodes and their interactions over time. Moti-
vated by the strong generalization and interpretabil-
ity capabilities demonstrated by graph instruction
tuning methods, such as GraphGPT (Tang et al.,
2024) and LLaGA (Chen et al., 2024a), across di-
verse downstream tasks on text-attributed graphs, it
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is appealing to extend these approaches to dynamic
text-attributed graph settings. However, applying
graph instruction tuning approaches to dynamic
graphs introduces several inherent challenges. First,
these methods are primarily designed to encode the
structural information of static graphs and there-
fore do not readily accommodate dynamic graphs.
Moreover, recent studies (Lei et al., 2025; Zhang
et al., 2024d, 2025b) indicate that naively adopt-
ing LLMs as predictors or agents often leads to
inferior performance compared to conventional dy-
namic graph models. Thus, leveraging the benefits
of embedding alignment through instruction tuning
while mitigating the limitations of directly applying
LLM:s to dynamic graph tasks remains a non-trivial
challenge.

To address these challenges, we propose a novel
training framework that enhances existing dynamic
graph models by integrating textual information to
better capture evolving patterns. Our framework
consists of two stages: Dynamic Text-attributed
Graph Instruction Tuning (DTGIT), which lever-
ages temporal dependencies in dynamic graphs as
natural language instructions, followed by standard
supervised training. In the first stage, evolving
event data in dynamic graphs are encoded in a
form compatible with LLM inputs. Compared to
static graphs, the structural information of dynamic
graphs is often more amenable to LLMs, as tem-
poral interactions can be naturally expressed in
natural language. For instance, as shown in Fig-
ure 1, consider the event tuple (u,v,t), where u
and v represent entities such as Frank and Jeff, re-
spectively. This interaction can be easily translated
into a natural language statement like “Frank sent
an email to Jeff at timestamp 15, which can be
directly processed by LLMs. Specifically, an ex-
isting dynamic graph model and a projector are
employed to generate token-level embeddings for
node entities. These node token embeddings, along
with contextual information from the event, are
then incorporated into a specifically designed in-
struction to guide the LLM to determine whether
a given node pair constitutes a positive or negative
example.

Notably, during instruction tuning, only the dy-
namic graph model and the projector are train-
able, and the LLM remains frozen. Moreover,
our proposed instruction tuning differs from the
prior graph alignment tuning methods such as
GraphGPT (Tang et al., 2024) and LLaGA (Chen
et al., 2024a). First, prior methods primarily

focus on instruction tuning on traditional static
graphs, which cannot be directly adapted to dy-
namic graph settings. In contrast, our proposed
approach explicitly targets alignment tuning for
dynamic graphs. Unlike prior works that employ
instruction tuning to enhance the structural under-
standing of LLMs and directly use LLMs as pre-
dictors for downstream tasks, our approach lever-
ages instruction tuning to align model embeddings
with temporal patterns expressed in natural lan-
guage. The acquired semantic knowledge is then
transferred to standard supervised training. This
is achieved by aligning node embeddings with the
behavioral semantics of entities in the natural lan-
guage space (i.e., having the LLM answer “Yes”
or “No” for positive or negative examples, respec-
tively). With the designed negative examples, the
dynamic graph model is also encouraged to identify
the recurring patterns in dynamic graphs.

While the first stage focuses on language-level
alignment, the resulting dynamic graph model is
not directly suitable for downstream tasks due to
the mismatch between natural language outputs
and probabilistic predictions. Therefore, we intro-
duce a second stage that applies standard super-
vised training. In this stage, temporal dependencies
are modeled in the probability space using binary
cross-entropy loss, assigning higher scores to pos-
itive examples and lower scores to negative ones.
The trained model is subsequently evaluated on
downstream tasks.

Compared to prior works (Zhang et al., 2025b;
Wang et al., 2025; Lei et al., 2025) on dynamic
text-attributed graph modeling, our approach is
fundamentally different in methodology. Existing
methods typically focus on either extending exist-
ing dynamic graph models with new modules or
employing LLMs directly for prediction. For exam-
ple, GraphAgent-Dynamic (Lei et al., 2025) adopts
a multi-agent LLM system as the predictor, while
another line of work, such as CROSS (Zhang et al.,
2025b), introduces new model components to fuse
temporal semantics with structural information for
representation learning. LKD4DyTAG (Roy et al.,
2025) proposes a novel distillation framework to
acquire temporal information embedded in edges
from LLMs. In contrast, our work proposes a novel
training paradigm that goes beyond conventional
supervised learning by leveraging the alignment
induced through instruction tuning to enhance the
modeling of evolving patterns in dynamic graph
models. Extensive experiments demonstrate that,
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when trained with our proposed framework, exist-
ing dynamic graph models generally achieve im-
proved performance on downstream tasks such as
link prediction and node retrieval. These results in-
dicate the effectiveness and generality of our train-
ing paradigm for dynamic text-attributed graphs.
The contributions of our work are summarized as
follows:

* We propose a novel two-stage training frame-
work for dynamic text-attributed graphs,
which comprises Dynamic Text-attributed
Graph Instruction Tuning (DTGIT) and a sub-
sequent standard supervised training stage.

e Unlike prior graph instruction-tuning ap-
proaches designed for static graphs or meth-
ods that directly use LLMs as predictors, we
employ instruction tuning as a warm-up stage
prior to supervised training, enabling dynamic
graph models to acquire semantic knowledge
through behavior alignment.

» Extensive experiments on multiple dynamic
text-attributed graph benchmarks demonstrate
that our framework generally improves the
performance of existing dynamic graph mod-
els on downstream tasks, including link pre-
diction and node retrieval.

2 Related Work

LLMs for graph learning. Inspired by the remark-
able success of large language models (LLMs) in
natural language processing, there has been grow-
ing interest in extending LL.Ms to graph-based ap-
plications. This interest is particularly strong in
scenarios where structured graph data is paired
with rich textual information, such as e-commerce
networks and academic networks, which are ubig-
uitous in real-world settings. Depending on how
LLMs interact with graph neural networks (GNNs),
existing approaches can be broadly categorized into
several lines of work. The first line of work (Liu
et al., 2024a; Zhao et al., 2023; He et al., 2024;
Chen et al., 2024b; Pan et al., 2024) adopts LLMs
as feature augmenters, where textual information
associated with nodes or edges is processed by
LLMs to generate enriched node representations
or pseudo-labels, which are then used to improve
the training of GNNs. For example, Liu et al. (Liu
et al., 2024a) proposed the OFA framework, which
bridges LLMs and downstream graph tasks through

a nodes-of-interest mechanism. Another line of
work (Tang et al., 2024; Chen et al., 2024a; Zhang
et al., 2024b; Wang et al., 2024a,b; He et al., 2025)
focuses on encoding graph structures into token
sequences that are compatible with LLM inputs.
These methods typically perform alignment or in-
struction tuning to bridge graph structures and tex-
tual semantics, enabling LL.Ms to better compre-
hend and reason over structured graph data. A
related line of study (Brannon et al., 2024; Li et al.,
2023; Fang et al., 2025) leverages self-supervised
learning to correlate textual semantics with graph
structures. These approaches often employ graph-
centric contrastive learning objectives to align em-
beddings produced by language models and graph
neural networks. Finally, some studies (Wang et al.,
2023; Fatemi et al., 2024; Dai et al., 2025; Zhang
et al., 2024d; Tang et al., 2025) explore the fea-
sibility of using LLMs alone to understand graph
structures and perform inference on downstream
tasks, without relying on dedicated GNNSs.

LLMs for dynamic text-attributed graphs.
Similar to static text-attributed graphs, the emer-
gence of pioneering benchmarks (Zhang et al.,
2024a) for dynamic text-attributed graphs has stim-
ulated increasing interest in integrating large lan-
guage models (LLMs) into dynamic graph mod-
eling. One line of work (Zhang et al., 2025b;
Xu et al., 2026), including CROSS (Zhang et al.,
2025b) and DyGRASP (Wang et al., 2025), lever-
ages the reasoning capabilities of LLMs to extract
temporal semantics from textual information and
introduces novel modules to fuse these semantics
with structural and temporal graph information.
Another line of research, such as GraphAgent-
Dynamic (Lei et al., 2025), explores the use of
LLMs as direct predictors for downstream tasks
on dynamic text-attributed graphs through multi-
agent systems. However, empirical results suggest
that, on most tasks, LLM-only approaches tend to
underperform traditional dynamic graph models.

3 Preliminary

Dynamic Text-attributed Graphs. Dynamic
text-attributed graphs are represented as a se-
quence of non-decreasing chronological interac-
tions. Formally, it can be represented as G =
{(ul,vl,tl), (UQ,UQ,tQ), ... }, with t1 < ty <
..., where u,v € N signify the source node and
destination node, respectively. Each node w is as-
sociated with a textual description d,, € D and the
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Figure 2: Illustration of our proposed two-stage training framework. In the first stage, dynamic graph model is
guided to learn temporal patterns of the dynamic graph assisted by LLM. In the second stage, the model is further
trained using standard supervised learning. Finally, the trained model is evaluated on downstream tasks.

System: You are an Al assistant tasked with modeling the \
evolution of atemporal graph.

User: This temporal graph captures email communications among
employees. Each sequence of graph tokens begins with a specific
employee, followed by tokens representing others they recently
communicated with before timestamp 100.

Given the sequences for Bob and Alice, determine whether there is
an email communication between them at timestamp 100.

stistant: Yes/No. /

Figure 3: An example of designed instructions from
the Enron dataset. The instruction includes system in-
formation and user information. The LLM is tasked
with determining if the given nodes represent positive
or negative interactions.

relationship in the sth event is characterized by a
textual description r; € R. Note that there are no
raw features associated with the nodes and edges
in the dynamic text-attributed graphs.

Problem Formalization. Given a source node u,
a destination node v, a timestamp ¢, and the histori-
cal interactions before ¢, i.e., {(uv/, v/, ') | t' < t},
representation learning on dynamic text-attributed
graphs aims to learn time-aware representations.
The effectiveness of the learned representations is
evaluated on downstream tasks such as future link
prediction and destination node retrieval.

4 Methodology

4.1 Dynamic Text-Attributed Graph
Instruction Tuning

During instruction tuning, given the dynamic graph
context and embeddings produced by the dynamic
graph model, we construct an instruction that
prompts the LLM to determine whether a given
node pair constitutes a positive example. Given

a positive example (u, v, t), we retain the source
node u and construct a negative example (u, v, t)
by sampling a destination node v from the set of
destination nodes that have no interaction with u
at the current timestamp ¢. The instruction tuning
stage equips the dynamic graph model with two key
capabilities. First, the dynamic graph model learns
to capture the temporal patterns among the nodes
with the guidance of LLMs. Second, it learns to
recognize the recurring patterns of interactions, as
the destination node v in the negative example may
have interacted with the source node w in the past
timestamps ¢’ < t.

As shown in Figure 2, the instruction is con-
structed based on the rich textual information asso-
ciated with each event. The instruction is structured
in a chat format and the details of the instruction
are illustrated in Figure 3. The instructions on
other benchmarks can be found in Appendix Sec. C.
Each instruction consists of system-level instruc-
tions and user-level instructions that define the task
context (i.e., email communication between em-
ployees) and specify the target node pair (i.e., Bob
and Alice). To align the node embedding with tem-
poral patterns, a special token, <temporal_token>,
is used to represent the source node (destination
node) and its associated neighboring nodes. Dur-
ing training, this special token would be replaced
by embeddings generated from the dynamic graph
model. To bridge the gap between the output node
embedding space and the input token space, we
employ a linear projector, analogous to the con-
nector used in multimodal instruction tuning (Qi
et al., 2024b), to map the output node embedding
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to the token space. The projected token embed-
ding is given by Z;é(v) = ZS(U)WP € R?”, where
Wp € Ré%*dr denotes the weight of the linear pro-
jector, Z’Z(’U) € R% denotes the output embedding
from the dynamic graph model. d, and dp denote
the dimensions of Z, and Z}_f,(v), respectively.
The training objective in DTGIT is to maximize
the probability of generating the correct answer
maxp(ZalZr, Zp) = [1;p(24,i|Zp, Z1, Za <i),
where Z 4 is the token embedding of the answer,
Z is the token embedding of the instruction. Dur-
ing our instruction tuning only the dynamic graph
model and the projector are trainable, while the
parameters of the LLM remain frozen.

4.2 Supervised Training

In the second stage, we perform supervised training
to bridge the gap between the proposed instruction
tuning and downstream tasks, effectively transi-
tioning the alignment from natural language space
to probability space. To achieve this, we intro-
duce an additional predictor that is trained jointly
with the dynamic graph model with the remain-
ing training data. The weights of the dynamic
graph model are initialized with the parameters
learned from our proposed instruction tuning. The
input to the predictor can be obtained using either
L) = Head(Zg(v)) or Zjy = Mean(Zg(v)),
depending on the original configuration of the dy-
namic graph model for aggregating output embed-
dings from neighboring nodes. The binary cross-
entropy loss function £, = —ﬁ f‘i 1 (yi log g; +
(1 —y;)log(1 —g;)) is adopted to further optimize
the model, where M is the total number of the pos-
itive and negative samples. y is the ground-truth
label and g is the predictive result.

S Experiments

5.1 Experimental Settings

Datasets and Baselines In our experiment, we
adopt on five datasets from DTGB (Enron,
GDELT, ICEWS1819, Googlemap_CT and Ama-
zon_movies) (Zhang et al., 2024a). To evaluate
the effectiveness of our method, we compare our
approach with the previous methods, including
DyRep (Trivedi et al., 2019), TGN (Rossi et al.,
2020), TGAT (Xu et al., 2020), TCL (Wang et al.,
2021a), GraphMixer (Cong et al., 2023), DyG-
Former (Yu et al., 2023), RepeatMixer (Zou et al.,
2024) and LKD4DyTAG (Roy et al., 2025). Be-
sides, we also employ LLMs as predictors under a

few-shot prompting setting as a baseline for com-
parison.

Evaluation Tasks and Metrics. Our method
and the baselines are evaluated on future link pre-
diction and destination node retrieval. For future
link prediction, each task is conducted in both trans-
ductive and inductive settings. In the transductive
setting, the testing nodes are observed during train-
ing, while in the inductive setting, some of the test-
ing nodes are unseen during training (Zhang et al.,
2026). Average Precision (AP) and Area Under
the Receiver Operating Characteristic Curve (AUC-
ROC) are adopted as the evaluation metrics. For
destination node retrieval, Hit Rate@3 and Hit
Rate@10 are adopted as the evaluation metrics.
Following the previous works (Poursafaei et al.,
2022; Zhang et al., 2024a), each dataset is chrono-
logically split with the ratio of 70%/15%/15% for
training/validation/testing.

Model Configuration. We adopt Llama-3-8B-
Instruct as the large language model for both the
temporal graph instruction tuning stage and the
LLM-as-predictor baseline. To demonstrate the ef-
fectiveness and generality of our method, we use
TCL (Wang et al., 2021a), DyGFormer (Yu et al.,
2023) and RepeatMixer (Zou et al., 2024) as the
base models. For both the base models and all
baseline methods, we follow their original configu-
rations.

Implementation Details. In our experiment,
we adopt the BERT-base-uncased model (Devlin
et al., 2019) to encode the node and edge texts
as the initialization of the node and edge repre-
sentations (Jiang et al., 2023). In our experiment,
baseline methods are trained using standard super-
vised learning. The training data in our training
framework is split into two parts. Approximately
5%-10% of the training interactions are used for in-
struction tuning, and the remaining interactions are
used for supervised training. The model is trained
for 2 epochs and 50 epochs for instruction tuning
and second-stage supervised training, respectively.
Each task is performed 5 times and the mean and
standard deviation are reported. All experiments
are conducted using an NVIDIA RTX A100 GPU
for instruction tuning and an NVIDIA RTX A5000
GPU for supervised training. Additional experi-
mental details are provided in Appendix Sec. B.

5.2 Main Results and Discussions

Table 1 shows the performance of our method and
the baselines on the link prediction task in the trans-
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Table 1: The comparison of our proposed method and the baselines on the link prediction task in the transductive
setting. Random, historical and inductive negative sampling strategies are adopted. Each task is repeated 5 times.
Bold and underlined values indicate the best and second-best performance, respectively. - denotes unavailable

results due to out-of-memory errors.

NSS ‘ Methods ‘ Enron

GDELT

ICEWS1819 Googlemap_CT Amazon_movies

| | AP AUC AP

AUC AP AUC AP AUC AP AUC

DyRep (Trivedi et al., 2019) 96.24+014  96.06+016  93.69+ 042
TGN (Rossi et al., 2020) 96.27+013  96.97+004 93.71+005
TGAT (Xu et al., 2020) 95.59+072  96.05+049 95.01+002
GraphMixer (Cong et al., 2023) | 94.67+0.16 94.65x010 93.90+0.05
LLM-as-predictor (few-shot) 55.93+057 56.22+067 65.48+0.10

md LKD4DyTAG (Roy et al., 2025) | 98.42=+010 97.01x010 96.26+030

94.55+003 94921054 94.85:038 76.98+031 76.99+044

9441001 98.69+011 98.63:012 77.93+11s8 7847+1m - -
95.33+001 98.99+001 98.93:001 81.69+026 81.62+048 90.40+003 90.41+0.03
93.84+020 98.00+000 97.76+011 7595+050 77.00+015 86.51+035 86.29+025
70.82+011  67.62+043 72.42+053 58.98+031 60.80+042 5599077 57.45+066
97.22+010 99.16+020 98.00+010 84.88+010 83.29+0.10 - -

TCL (Wang et al., 2021a) 93.25+067 94.18+043 94.41+012
TCL + DTGIT (Ours) 94.58+030 94.84+028 94.52+010

94.85£004  99.12+004  99.06+005 68.60+022 70.76+073 87.66+021 87.12+035
9493003 99.15+003 99.07+006 69.33+020 71.10+061 88.77+024 88.62+030

DyGFormer (Yu et al., 2023) 97.51+017 97.15+020 96.43+0.04
DyGFormer + DTGIT (Ours) 97.78+ 008 97.47+010 96.51+ 005

96.48+004 98.98+011 98.86+014 80.73+039 80.83+040 89.95:r021 89.63+026
96.59+008 99.16+003 99.08:000 81.96+033 82.22+028 90.54:02 90.49+012

RepeatMixer (Zou et al., 2024) | 96.57+003 96.27+002 95.21+003
RepeatMixer + DTGIT (Ours) | 97.16+001  96.90+002  95.87+0.02

95.63+£005  97.72+005 97.39+004 79.19+002 79.40+005 86.21:040 85.81+030
95.93+006 97.84+001 97.47+001 79.45+001 79.64+005 87.25:034 87.30+026

DyRep (Trivedi et al., 2019) 72.16+075 71.16+023 63.38+29
TGN (Rossi et al., 2020) 68.34+024  70.95+041 6293+ 173
TGAT (Xu et al., 2020) T4.61+032 74.20+050 66.81+051
GraphMixer (Cong et al., 2023) | 74.12+263 74.47+084 66.26+027
LLM-as-predictor (few-shot) 51.13+060 51.90+001 52.01+004
LKD4DyTAG (Roy et al., 2025) | 58.42+031  56.19+025 66.12+ 071

65.46+303 72.08+300 74.09+127 52.82+040 50.41+068

64.74£019 72431021 73.87+018 51794109 50.96+ 134 - -
68.28+016 74131021 74.23+1004 53.09+014 53.19+046 56.22:+026 54.60+033
67.70+026 722310390 73.38+041 53.65+013 53.02+030 57.20:002 54.20+001
53.80+007 54.11+025 57.25+042 49224032 48.32+07¢ 49.61+031 49.17+067
67.40+081  67.57+048 6647072 56.80+083 54.24+08 - -

TCL (Wang et al., 2021a) 75.05+120 74.03+182 6725+ 117
TCL + DTGIT (Ours) 78.47+110 79.10+170 68.81+ 106

68.23+055 7456+ 113 74.66+136 5327051 52.59+037 57.80+£035 55.36+030
69.05+£055  75.59+ 110 75.67+121 59.11+054  56.88+040 58.66+033 56.62+ 028

DyGFormer (Yu et al., 2023) 56.91+092 54.35+130 66.05+006
DyGFormer + DTGIT (Ours) 59.57+090 57.56+085 67.55+044

67.50+038 66.66+078 6540+£012 55.11+1s51 53.96+074 52.51+138 46.57+ 116
68.33+015 6891083 67.04x052 56.47+078 54.69+049 6025052 54.01+060

RepeatMixer (Zou et al., 2024) | 78.63+0s6 69.09+025 82.74+0.19
RepeatMixer + DTGIT (Ours) | 79.96+031  71.03+023 83.64+042

78.00+023 83.56+055 75.61+067 4621066 25.48+06 71121070 64.48+054

DyRep (Trivedi et al., 2019) 57.65+005 56.56+080 67.44+425

TGN (Rossi et al., 2020) 64.26+137 64.08+052 66.70+ 188

TGAT (Xu et al., 2020) 66.29+056 64.92+081  69.67+0.16
GraphMixer (Cong et al., 2023) | 64.40+350 62.84+219 70.61+048
LLM-as-predictor (few-shot) 49.98+002 49.95+007 49.15+027

ind | LKD4DyTAG (Roy et al., 2025) | 51.84+£037 45.65+050 56.38+0s2

79.59+003 84.36+020 77.15:037 56.04+073 35.25+045 73.67:059 67.22+ 060
68.85+42 7031+s11 70.42+200 47.64+021 46.00+013 - -
67.75+013  70.38+235 7091211 46.28+03 45.91xo042 - -
70.61+004  73.62+006 72.00+020 46.63+026 42.83+040 45.87+012 40.66+0.03
71.22+235  73.99+027 74.13+020 48.47+013 46.19+016 49.85t016 46.61+0.18
40.80+ 014  53.16+013 55.32+017 48.24+055 47.00+056 46.62+004 44.59+077
54.05+£098 63.39+042 56.87+064 54.80+090 52.09+0s2 - -

TCL (Wang et al., 2021a) 67.48+017 66.48+085 71.28+182
TCL + DTGIT (Ours) 70.12+ 016  69.95+085 72.38+ 166

71.57+0m  68.69+115 6845138 48.96+008 46.45+026 50.10x020 46.37+0025
71.96+088  71.89+ 110 69.53+125 53. 71010 52.29+030 5095030 47.08+025

DyGFormer (Yu et al., 2023) 50.06+085 43.71+097 55.36+130
DyGFormer + DTGIT (Ours) 53.60+048 47.90+085 57.86+073

53.82+160 61.72+103 56.63x022 54.57+087 51.90+161 47.03x131 39.72+ 107
5491+069 65241085 5892+013 56.02+03 53.20+038 53.70+0s0 47.84+0.60

RepeatMixer (Zou et al., 2024) | 68.60+036 57.80+003 75.49+027
RepeatMixer + DTGIT (Ours) | 70.90+032  59.52+073  76.70=0.76

64.40+087 76.67+061 66.95:060 45.10+041 21.67+098 54.48+051 35.75+037
66.05£065 78071049 67.53+048 52.20+051 30.33+028 56.82:058 37.42+039

ductive setting. More results in the inductive setting
can be found in Table 4 in Appendix Sec. D. The
results from random sampling, historical sampling
and inductive sampling (Poursafaei et al., 2022)
are reported. Performance under historical and in-
ductive sampling declines compared with random
sampling, indicating that current methods are less
effective at identifying negative examples from his-
torical or previously unobserved edges. This ob-
servation aligns with previous work (Poursafaei
et al., 2022). Besides, directly applying LL.Ms also
yields inferior performance compared to conven-
tional dynamic graph models, which is consistent
with previous findings (Zhang et al., 2025b; Lei
et al., 2025).

Experimental results demonstrate that existing
dynamic graph models, such as DyGFormer (Yu
et al., 2023) and RepeatMixer (Zou et al., 2024),
generally achieve improved performance when
trained with our proposed two-stage framework
compared with their counterparts trained using stan-
dard supervised learning alone, particularly under
historical and inductive negative sampling. Specifi-

cally, our method generally outperforms these mod-
els when trained with standard supervised training
alone across multiple datasets, particularly on tasks
involving historical or inductive sampling. These
findings highlight the effectiveness of instruction
tuning in enhancing the ability of dynamic graph
models to capture evolving patterns with natural
language supervision.

However, under random sampling, our method
provides only limited improvement. This is primar-
ily due to the negative sample generation process
during which nodes are randomly selected from the
entire set without checking for collisions with posi-
tive examples (Poursafaei et al., 2022), which can
introduce false negatives and reduce the effective-
ness of instruction tuning. In contrast, historical
sampling evaluates the model’s ability to predict
whether a past edge will recur in the future. Our in-
struction tuning approach enables the model to rec-
ognize such recurrence patterns, particularly when
negative examples involve nodes that previously
interacted. This contrasts with previous dynamic
graph training routines, which typically use ran-
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Figure 4: Performance comparison between DyG-
Former trained solely with instruction tuning and com-
plete framework for link prediction on Enron dataset.

System: You are an Al assistant tasked with modeling the
evolution of atemporal graph.

User: You are tasked with analyzing a temporal graph representing
email exchanges among employees. Every sequence begins with
one employee, followed by tokens representing the employees
they emailed prior to timestamp 100.

Examine the sequences for Bob and Alice and answer whether
they communicated at timestamp100.

Assistant: True/False.

Figure 5: An example of a semantically different instruc-
tion from the previous version for the Enron dataset.

dom nodes for negative examples. The knowledge
acquired through instruction tuning is successfully
transferred to the dynamic graph model, resulting
in more significant gains under historical and in-
ductive negative sampling. The results on node
retrieval can be found in Appendix Sec. D.

5.3 Ablation Study

We analyze the contribution of each training stage
in our framework to the overall performance. We
first examine the effect of instruction tuning by
comparing it against a baseline trained solely with
supervised learning. As shown in Tables 1 and 5,
instruction tuning yields consistent performance
gains across tasks, demonstrating its effectiveness
in enhancing the temporal modeling of dynamic
graph models.

We further assess the impact of supervised train-
ing within our framework by comparing the perfor-
mance of the base model such as DyGFormer (Yu
et al., 2023) trained with instruction tuning only.
The evaluation is conducted on the link prediction
task using the Enron dataset, with results shown
in Figure 4.The results indicate that training solely
with instruction tuning leads to substantial perfor-
mance degradation. This is because the instruction
tuning stage is designed as a warm-up process prior
to supervised training and is conducted on only a
limited subset of the training data, which is insuffi-
cient to comprehensively capture the complex tem-
poral dependencies in dynamic graphs. Together,
these findings demonstrate that supervised training
remains an essential component of our framework.

Table 2: Comparison of the target model trained with
different instructions on the link prediction task in the
transductive setting using random, historical, and induc-
tive negative sampling. Each task is repeated 5 times.

ns | Methods ‘ Enron GDELT
| | AP AUC AP AUC

DyGFormer (Yu et al., 2023) 97.51+017 97.15£020 96.43:004 96.48+ 004
DyGFormer + DTGIT_v1 (Ours) | 97.78+00s  97.47=010 96.51x005s 96.59+008
mnd DyGFormer + DTGIT_v2 (Ours) | 97.82+007  97.62:000 96.52:002 96.61+ 004
TCL (Wang et al., 2021a) 93.25+067 94.18x043 9441012 94.85+004
TCL + DTGIT_v1 (Ours) 94.58+030 94.84+028 94.52:010 94.93:003
TCL + DTGIT_v2 (Ours) 94.92+022  95.26+017  94.56x002  94.93+004

DyGFormer (Yu et al., 2023) 56.91+092 54.35:130 66.05:006 67.50+038
DyGFormer + DTGIT_v1 (Ours) | 59.57+090 57.56+0s85 67.55:044 68.33x0.15
DyGFormer + DTGIT_v2 (Ours) | 67.64+133  60.18+096 67.22:033 67.91+021

his TCL (Wang et al., 2021a) 75.05+120 74.03x182 67.25£117  68.23+055
TCL + DTGIT_v1 (Ours) 7847+110 79.10:170 68.81:106 69.05+ 055

TCL + DTGIT_v2 (Ours) 78.22+092 77.34x145 69.05£086 68.45+064
DyGFormer (Yu et al., 2023) 50.06+085 43.71x097 55.36=130 53.82: 169
DyGFormer + DTGIT_v1 (Ours) | 53.60+04s 47.90x085 57.86:073 54.91x060

ind DyGFormer + DTGIT_v2 (Ours) | 61.99+0s6  52.12:070 5740068  54.19x 060

TCL (Wang et al., 2021a) 67.48+017 66.48+0s5s T1.28:182 71.57+0m
TCL + DTGIT_v1 (Ours)

TCL + DTGIT_v2 (Ours)

70.12x 016 69.95:085 7238166 7196088
70.39+02 69.71x065 73.61£150 71.91x097

Table 3: Comparison of the target model trained with
different large language models on the link prediction
task in transductive setting using random, historical, and
inductive negative sampling.

nss | Methods | Enron GDELT
| ap AUC AP AUC
DyGFormer (Yu et al., 2023) 97514017 97155020 9643001 9648004
DyGFormer + DTGIT_Llama3 (Ours) | 97.78x005  97.47x010 96.51:005 965900
ind | DyGFormer + DTGIT_Qwen3 (Ours) | 97.83100s 97.61s009 965200 96.62: 00
TCL (Wang et al., 2021a) 9325406 9418+043 94d4lior 94.85:00s
TCL + DTGIT Llama3 (Ours) | 94.58x050 94.84x02 94.52:010 94.93:00

TCL + DTGIT_Qwen3 (Ours) 94.6205 9516502 9454003 94.92+002
DyGFormer (Yu et al., 2023) 5691509 54.35:10 660500 67.50% 038
DyGFormer + DTGIT_Llama3 (Ours) | 59.570s0 57.5610s5 67.55:044 68.33+015
DyGFormer + DTGIT_Qwen3 (Ours) | 61454086 58.124090 67.87+03 68.25402
TCL (Wang et al., 2021a) 75055120 74035152 6725510 68.23:0ss
TCL + DTGIT_Llama3 (Ours) 78475100 7910170 68.81<106 69.05:055
TCL + DTGIT_Qwen3 (Ours) 7811508 7847+152 6895107 68.50+073
DyGFormer (Yu et al., 2023) 50.06+08s5 4371097 55.36= 10 53.82+ 16
DyGFormer + DTGIT_Llama3 (Ours) | 53.60+04s  47.900s5 57.86507 54.91+060
DyGFormer + DTGIT_Qwen3 (Ours) | 53.28+05 46.01+07 581707  55.38+0¢
TCL (Wang et al., 2021a) 6748017 6648+0s5 7128182 T1.57+0m
TCL + DTGIT_Llama3 (Ours) 70124016 69.955085 72.38%166  71.964 05
TCL + DTGIT_Qwen3 (Ours) 70385020 69.27:+07 7352+ 71.98:050

ind

5.4 Analysis
5.4.1 Sensitivity Analysis

Our method introduces a dependency on the spe-
cific large language model and the prompt design
used during instruction tuning. Prior work (Zhuo
et al., 2024) has shown that LLM performance can
vary significantly with subtle changes in prompt
formatting or wording. To empirically assess the
sensitivity of our approach, we conduct a prompt
sensitivity analysis. Specifically, we generate se-
mantically equivalent instructions by paraphras-
ing the original prompts while preserving the key
task-related elements and keeping the remaining
components unchanged. The new version of the
instruction for Enron is shown in Figure 5. To dis-
tinguish between the two instructions, we refer to
the previous version as "v1" and the new version
as "v2".

We use DyGFormer (Yu et al.,, 2023) and
TCL (Wang et al., 2021a) as the target models
and train them with the new instruction within our
training framework. We then compare their per-
formance with that of the corresponding models
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Figure 6: Comparison of training time between standard
supervised training and the proposed two-stage training
framework across multiple datasets. DyGFormer is used
as the target model.

trained using the previous instruction. The results
on link prediction are shown in Table 2. These
results suggest that our method is robust to seman-
tic variations in instruction tuning, and the model
trained with different versions of the instruction
generally outperforms the model trained with stan-
dard supervised training alone.

5.4.2 Effect of Different LLMs

To investigate the impact of different large lan-
guage models in our instruction tuning framework,
we compare Llama-3-8B-Instruct and Qwen3-4B-
Instruct as the LLMs for semantic alignment.
Specifically, the same instruction tuning and super-
vised training pipeline is adopted, while only the
underlying LLM used for temporal semantic align-
ment is changed. The experiments are conducted
on the Enron and GDELT datasets. From the re-
sults in Table 3, both Llama3 and Qwen3 generally
improve the performance of the original dynamic
graph models across most settings, demonstrating
the effectiveness and robustness of our proposed
instruction tuning framework. Overall, these re-
sults suggest that our framework is not limited to a
specific LLM and can effectively transfer temporal
semantic knowledge from different large language
models to dynamic graph learning.

5.4.3 Computation Cost Analysis

To evaluate the computational overhead of the pro-
posed framework, we measure the training time
of each stage and compare the total training time
with that of standard supervised learning. We adopt
DyGFormer as the base model and conduct experi-
ments on multiple benchmarks. For standard super-
vised training, all available training data are used.
In our framework, approximately 5%-10% of the
training data are used for instruction tuning, while
the remaining data are used in the second-stage

supervised training. All other settings follow the
prior implementation details.

As shown in Figure 6, the proposed two-stage
framework incurs a modest increase in training
time compared to standard supervised training.
Nevertheless, the overall computational cost re-
mains comparable to that of standard supervised
learning and scales well to large datasets. This
efficiency can be attributed to two main factors:
(1) Our proposed instruction tuning serves as a
warm-up stage and requires only a small subset of
the training data and (2) during instruction tuning,
only the dynamic graph model and the projector
are trainable, while the LLM remains frozen.

6 Visualization

To better understand the effectiveness of our pro-
posed method, we present a t-SNE visualization of
node embeddings from positive and negative ex-
amples obtained using standard supervised training
and our proposed two-stage training framework.
We adopt DyGFormer (Yu et al., 2023) as the target
model. The visualizations are shown in Figure 11
and Figure 10. The quantitative clustering metrics
are reported in Table 10. Compared to standard
supervised training, the target model trained with
our proposed method exhibits a more distinct sep-
aration between the embeddings of positive and
negative examples. Since the primary difference
between standard supervised training and our ap-
proach lies in the proposed dynamic graph instruc-
tion tuning, these results validate the effectiveness
of instruction tuning in enhancing the ability of
dynamic graph models to capture temporal depen-
dencies.

7 Conclusion

In this study, we focus on dynamic text-attributed
graph learning. To effectively leverage textual in-
formation for modeling temporal dependencies in
dynamic graphs, we propose a novel two-stage
training framework consisting of dynamic text-
attributed graph instruction tuning followed by su-
pervised training. Existing dynamic graph models
can be seamlessly integrated into our approach,
extending beyond traditional supervised training
paradigms. Extensive experimental results demon-
strate that dynamic graph models trained with our
approach generally outperform those trained using
standard supervised training alone.
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Limitations

Despite the effectiveness of our proposed frame-
work, several limitations remain. First, our method
relies on textual information associated with tem-
poral interactions, which may introduce privacy
and security concerns in real-world applications.
In many practical scenarios, textual attributes from
communication networks, social platforms, or user
interactions may contain sensitive or personally
identifiable information. Directly leveraging such
textual content for instruction tuning could there-
fore raise potential risks related to privacy leakage
and data governance.

Second, the effectiveness of our framework de-
pends on the quality and reliability of the textual
information used for semantic alignment. When
textual attributes are sparse, noisy, ambiguous,
or weakly correlated with the underlying tempo-
ral dynamics, the transferred semantic knowledge
may become less informative for downstream dy-
namic graph learning tasks. Developing privacy-
preserving and more robust text integration strate-
gies for dynamic graph instruction tuning remains
an important direction for future work.
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System: You are an Al assistant tasked with modeling the
evolution of a temporal graph.

User: This temporal graph models political relationships between
entities. Each sequence of graph tokens begins with a target entity,
followed by entities they recently interacted with before
timestamp 100.

Given the sequences for Mexico and Saudi, determine whether a
political relationship exists between them at timestamp 100.

Assistant: Yes/No.

Figure 7: The instruction prompt for both GDELT and
ICEWS1819 datasets. The instruction illustrates the
political relationships between two entities.

@stem: You are an Al assistant tasked with modeling the \

evolution of atemporal graph.

User: This temporal graph captures user reviews on businesses.
Each sequence of graph tokens begins with a target entity,
followed by entities they recently interacted with before
timestamp 100.

Given the sequences for Caroline (user) and O'Reilly Auto Parts
(business), determine whether Caroline commented on O'Reilly
Auto Parts attimestamp 100.

wssista nt: Yes/No. /

Figure 8: The instruction prompt for Googlemap_CT
dataset. The instruction illustrates the reviews from the
users on business entities.

System: You are an Al assistant tasked with modeling the
evolution of a temporal graph.

User: This temporal graph represents user reviews on movies .
Each sequence of graph tokens begins with a target entity,
followed by entities they recently interacted with before
timestamp 100.

Given the sequences for Galina (user) and Rodeo Girl (movie),
determine whether Galina reviewed Rodeo Girl at timestamp100.

Assistant: Yes/No.

Figure 9: The instruction prompt for Amazon_movies
dataset. The instruction illustrates the reviews from the
users on movies.

A  More Related Work

Dynamic graph learning. Dynamic graph learn-
ing has been extensively studied. The exist-
ing methods generally fall into two categories:
discrete-time dynamic graph (DTDG) models and
continuous-time dynamic graph (CTDG) models.
DTDG methods (Zhang et al., 2025a; Liu et al.,
2024c,b; Sankar et al., 2020; Pareja et al., 2020)
treat dynamic graphs as a series of discrete snap-
shots that capture node connections up to specific
time points, and adopt graph representation learn-
ing techniques to model temporal dependencies.
However, this discrete segmentation can limit the
model’s ability to capture fine-grained dependen-
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cies between nodes. In contrast, CTDG meth-
ods (Yu et al., 2025, 2023; Zhang et al., 2024c;
Zou et al., 2024; Cong et al., 2023; Zhang et al.,
2023b) view dynamic graphs as continuous events,
represented by tuples, allowing for a more gran-
ular understanding of temporal evolution. These
methods can be further divided into several subcat-
egories. One approach models the flow of events
as messages, using memory-based mechanisms to
update node states based on these messages. How-
ever, memory-based methods (Liu et al., 2025b;
Gravina et al., 2024; Su et al., 2024; Ji et al., 2024,
Rossi et al., 2020; Xu et al., 2020) often suffer
from temporal discontinuity, leading to informa-
tion loss and performance degradation (Su et al.,
2024). Another line of work (Li et al., 2025b; Yu
et al., 2023; Tian et al., 2023; Zou et al., 2024;
Wu et al., 2024; Zhang et al., 2023a; Wang et al.,
2021a) employs mainstream models, such as Trans-
formers, MLP-Mixers (Tolstikhin et al., 2021) and
Mamba (Gu and Dao, 2024), to capture the tempo-
ral evolution within dynamic graphs. Additionally,
temporal random walks (Jin et al., 2022; Wang
et al., 2021b) have been adopted for dynamic graph
learning. Beyond these approaches, some stud-
ies focus on related problems, such as temporal
graph clustering (Li et al., 2025a; Liu et al., 2024d),
anomaly detection within dynamic graphs (Lee
et al., 2024), out-of-distribution generalization of
dynamic graphs (Yuan et al., 2024), GNN cali-
bration under out-of-distribution nodes (Shi et al.,
2023, 2026b), temporal graph continual learn-
ing (Liu et al., 2025a), and class-incremental graph
learning (Qi et al., 2024a).

B Experimental Settings

The statistics of the datasets are presented in Ta-
ble 7. The descriptions of the datasets are as fol-
lows.

Enron. In this dataset, the nodes represent em-
ployees, while the edges correspond to emails ex-
changed between them. Each node’s text attribute
is derived from the employee’s department and po-
sition, if available. The text attribute of each edge
consists of the raw email content. To pre-process
the text, we removed non-English statements, ab-
normal symbols, and tables, and applied length
truncation to the emails. The edge categories were
extracted from the email archiving of the original
dataset, resulting in a total of 10 distinct categories.

GDELT. In this dataset, nodes represent polit-

ical entities such as the United States, with their
names directly used as textual attributes. Edges de-
note relationships between these entities, with the
descriptions of these relationships serving as the
textual attributes of edges. Each edge category cor-
responds to a specific type of political relationship
or behavior.

ICEWS1819. This dataset is derived from the
Integrated Crisis Early Warning System (ICEWS)
project, which serves as a temporal knowledge
graph for political events. We construct the dataset
by extracting events that occurred between January
1, 2018, and December 31, 2019. Each political
entity’s textual attributes include its name, sector,
and nationality, while edge text attributes consist
of descriptions of political relationships. The edge
categories represent different types of political re-
lationships or behaviors.

Googlemap_CT. This dataset is derived from
the Google Local Data project, which includes re-
view information from Google Maps, along with
user and business details up to September 2021 in
the United States. To construct this dataset, we
extract all business entities located in Connecticut
State. Nodes represent users and business entities,
while edges correspond to user reviews of busi-
nesses. Only business nodes are enriched with
textual attributes, including the name, address, cat-
egory, and self-introduction of the business entity.
The edge text attributes consist of the raw text of
user reviews, and edge categories are represented
as integer ratings ranging from 1 to 5.

Amazon_movies. This dataset is extracted from
the Amazon Review Data project, which contains
product reviews and metadata from Amazon span-
ning from May 1996 to July 2014. To construct
this dataset, we focus on products in the Movies
and TV category along with their corresponding
reviews. The text attribute of each product node
includes its name, category, description, and rank
score. The edge text attributes represent the review
text provided by users for each product. Similar to
the user-business review datasets, edge categories
are represented as integer ratings ranging from 1 to
5.

In our experiment, we follow the model con-
figurations from previous work. Specifically, the
number of neighboring nodes for TGAT (Xu et al.,
2020), TCL (Wang et al., 2021a) and Graph-
Mixer (Cong et al., 2023) is 20. The number of
neighboring nodes for TGN (Rossi et al., 2020)
and DyRep (Trivedi et al., 2019) is 10. The maxi-
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Table 4: The comparison of our proposed method and the baselines on the link prediction task in the inductive
setting. The random, historical and inductive negative sampling are adopted. Each task is repeated 5 times. Bold
and underline values represent the best and second best performance, respectively. - denotes unavailable results due

to out-of—memory C€ITOrS.

nss | Methods ‘ Enron

GDELT

ICEWS1819 Googlemap_CT Amazon_movies

| | AP AUC AP

AUC AP AUC AP AUC AP AUC

DyRep (Trivedi et al., 2019)
TGN (Rossi et al., 2020)
TGAT (Xu et al., 2020)

89.38+025 88.60+023 89.41+o066 89.10+03 86.84+04s 85.20+030 71.14x055 69.52+035
85.20+133 86941092 80.71+286 81.41+321 9523+025 95.11+020 72.58+131 72.12+140 -
85.44+215 86.09+140 89.02+000 88.96+001 96.93+00s 96.84+000 78.79+008 78.12+019 87.31+001 86.81+001

GraphMixer (Cong et al., 2023) | 84.60+00s 83.33x002 88.33+006 87.77x008 94.75+o015 94.39+020 71.68+075 71.49+046 82.50+036 81.38+022

TCL (Wang et al., 2021a)
TCL + DTGIT (Ours)

rnd

78.19+£106 79.48+136 88.68+046 88.29+010 97.37+003 97.21+00s 62.96+173 6331+146 83.11+031 81.34+054
83.20+080 82.85+120 88.99+040 88.40+013 97.44+004 97.25+005 63.50+130 64.21+123 84.71+030 83.64+050

DyGFormer + DTGIT (Ours)

93.18+021 91.88+040 92514002 91.91+004 97311030 96.89+056 76.30+068 7520+079 86.71+029 85.89+023
9343010 92.20+005 92.62:+005 92.01:004 97541002 97.28+001 77.32+064 76.62+073 87.61+028 86.83+020

RepeatMixer (Zou et al., 2024)

‘ DyGFormer (Yu et al., 2023)
‘ RepeatMixer + DTGIT (Ours)

89.83+042 87.84x013 89.00+002 89.26+001 93.98+019 92.42:020 74.21x002 72.86+006 82231056 80.60+023

DyRep (Trivedi et al., 2019)
TGN (Rossi et al., 2020)
TGAT (Xu et al., 2020)

91.61+040 90.18+063 89.51+001 89.69+003 94.04+013 92531012 74.63+002 73.28+004 83.25+036 81.99+044
52.06+£ 103 48.54+196 56.87+285 58.27+23 57.88+106 57.23t060 48.46+038 46.61+049 -

54.60+£035 52.83+017 56331000 56.67+102 56.93+0s0 56.54+108 47.58+030 45.86+046 -
60.17+£140 58.24+100 59.81x008 60.97+013 60.76+£016 59.37+021 46941022 4324+027 4591012 40.65+001

GraphMixer (Cong et al., 2023) | 57.88+304 55.95+196 60.87+024 62.05£024 60.11+03 61.05+03 49.08+023 46.90+02¢ 49.85+016 46.50+0.10

his TCL (Wang et al., 2021a)

TCL + DTGIT (Ours)

61.88+108 60.61+151 6145+ 62.53+02 5825+157 57.62+128 49.32:011 46.76+03 50.15+040 47.40+030
64.76:086 63.95+ 115 62.16+160 62.93+033 6337+152 64221116 52.67+021 4791045 51.22+042 4847028

DyGFormer + DTGIT (Ours)

45.57+081 36.13x059 53.37+106 52.97+11s  52.79+103 47.77+044 53.85+149 50.41+123 47.19+131 39.64+ 140
47.82+074  39.45:077 55.18+061 53.92+084 54.69+086 4937086 55.62:03¢ 51.60:049 53.74+031 46.74+039

RepeatMixer (Zou et al., 2024) | 57.97+066 44.07+£033 70.82+043 61.20+087 66.34+046 54.22+025 45.82+051 22.67+041 54.36+042 36.14+044

‘ DyGFormer (Yu et al., 2023)

RepeatMixer + DTGIT (Ours)

DyRep (Trivedi et al., 2019)
TGN (Rossi et al., 2020)
TGAT (Xu et al., 2020)

59.48+0s51 4541+033 T71.35+006 62.85+002 67.01+031 55.54+068 52.98+051 31.46+045s 56.54+03 37.72+043
52.05£100 48.54+194 56.88+286 58.28+232 57.85+108 57.19+072 48.06+055 46.54+ 008 - -

54.55+038 52.80x019 56.33x012 56.67+103 56.87+0s0 56.50+107 47.50x03 45.82+046 -
60.16+ 148 5824+ 104 59.80+000 60.98+012 60.76+015 59.36+0220 46.95+022 43.25+027 45.90+012 40.68+ 001

GraphMixer (Cong et al., 2023) | 57.87+205 55.96+198 60.85+£024 62.03£02¢ 60.13+036 61.07+030 49.00£023 46.90+024 49.82+015 46.50+0.11

ind TCL (Wang et al., 2021a)

TCL + DTGIT (Ours)

61.87+:108 60.62+152 61.441111 62.51+029 5829+157 57.63+128 49.31:o11 46.75:03 50.14+040 46.40+030
64.75:080 63.94:130 61.69+12 62.85:024 62381140 6095090 52.68+016 47.92+043 51.36+036 47.57+02

DyGFormer + DTGIT (Ours)

47.82+ 1020 39.46+£094 55.18+093 5391+064 54.68+086 49.36+08 54.62+046 51.60+051 53.75+026 47.15+0.40

RepeatMixer (Zou et al., 2024) | 57.98+065s 44.09+071 70.85+042 61.23+086 65.30+099 53.23+027 45.83+050 22.67+036 54.37+0s50 36.14+040

RepeatMixer + DTGIT (Ours)

‘ DyGFormer (Yu et al., 2023) ‘ 45.56+080 36.80x112 53.36+105 52.96+115 5277104 4775044 53.80£113 50.40+156 47.19+148 39.63+120

59.13+£052 45.17+032 71.40+017 62.61+012 66.54+03 54.46+1068 52.98+051 31.45+025 56.54+029 37.73+043

standard Sup. training our propased training framework

= Positive
»  Nogative

= Posiive
s Mogative

Figure 10: t-SNE visualization of positive and negative
examples from the target model trained with standard
supervised learning (left) and with our proposed method
(right) from the Amazon_movies dataset.

mum input sequence lengths for DyGFormer (Yu
et al., 2023) and RepeatMixer (Zou et al., 2024)
are 48 and 32, respectively. The dropout rate is
set to 0.1. The batch size for supervised training
and instruction tuning is 256 and 24, respectively.
The initial learning rate is 1e-4 and weight decay is
0.0. Adam is used for optimization during training.
In the LLM-as-predictor baseline, we use 5-shot
prompting.

C Methodology

The designed instruction prompts for the other
datasets are illustrated in Figures 7-9. The instruc-

standard Sup. training our proposed training framework

= Positive
»  Nogative

s Positive
= Negative

Figure 11: t-SNE visualization of positive and negative
examples from the target model trained with standard
supervised learning (left) and with our proposed method
(right) from the Googlemap_CT dataset.

tions are designed to prompt LLMs to identify the
positive/negative examples.

D Main Results

The performance of target dynamic graph models
and the baselines on the link prediction task in the
inductive setting is presented in Table 4. The results
demonstrate that our instruction tuning approach
enables existing dynamic graph models to achieve
better generalization to unseen nodes and improves
performance compared to training with supervised
learning alone. Moreover, the target dynamic graph
models can also outperform the baselines on most
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Table 5: The comparison of our method and the baselines on the node retrieval task in the transductive setting.
Random, historical and inductive negative sampling strategies are adopted. Each task is repeated 5 times. Bold and
underlined values indicate the best and second-best performance, respectively. - denotes unavailable results due to

out-of-memory errors.

Methods ‘ Enron GDELT ICEWS1819 Googlemap_CT Amazon_movies
‘ HR@3 HR@10 HR@3 HR@10 HR@3 HR@10 HR@3 HR@10 HR@3 HR@10

DyRep (Trivedi et al., 2019) 77.85+151 94.10+056 56.49+196 83.36+073 74.89+6s8 88.44+379 20.02+007 42.23+036 -

TGN (Rossi et al., 2020) 80.95+134 9l.11+121 56.26+006 83.74+018 91.31+046 96.77+037 22441066 44.72+082 - -
TGAT (Xu et al., 2020) 69.27+406 84.09+331 61.51+0s0 86.00+019 91.22+008 97.04+007 27.48+008 50.95+040 46.59+019 70.65+0.06
GraphMixer (Cong et al., 2023) | 67.98+001 83.74+061 60.04+003 84.59+003 85.40+024 93.97+013 23.79+048 46.57+03 42311034 66.80+053
TCL (Wang et al., 2021a) 62.88+126 82331141 59.96+006 84.52+002 92.29+022 974341007 22.72+028 44.36+132 41.50+018 64.93+002
TCL + DTGIT (Ours) 6491105 8281+11s 60.22+003 85.50+003 93.02+024 98.08+006 23.36+032 44.96+126 43.16+015 67.07+0.04
DyGFormer (Yu et al., 2023) 86.68+090 94.42+094 70.24+011  89.52+033 92.21+092 96.47+046 26.37+073 49.84+107 46.19+055 68.65+079
DyGFormer + DTGIT (Ours) | 88.29+100 95.68+1.14 70.77+007 90.14+004 93.25+012 97.44+008 28.13+017 53.80+048 47.33+035 70.81+060
RepeatMixer (Zou et al., 2024) | 81.47+041 87.30+028 69.68+018 89.46+027 84.92+050 92.04+003 22.92+033 45.82+003 4091+03 64.32+05
RepeatMixer + DTGIT (Ours) | 83.27+043 88.88+009 70.76+035 90.11+008 86.51+005 92.62+005 23.24+006 46.07+011 41.58+030 65.03+048

Table 6: The comparison

of our method and the baselines on the node retrieval task in the inductive setting.

The random, historical and inductive negative sampling are adopted. Each task is repeated 5 times. Bold and
underlined values indicate the best and second-best performance, respectively. - denotes the unavailable results due

to out-of-memory errors.

Methods ‘ Enron GDELT ICEWS1819 Googlemap_CT Amazon_movies
‘ HR@3 HR@10 HR@3 HR@10 HR@3 HR@10 HR@3 HR@10 HR@3 HR@10
DyRep (Trivedi et al., 2019) 54194300 77.25+128 48.07+336 72.18+0s590 51.15+841 Tl.1l+sas  16.11+048  32.69+07 - -
TGN (Rossi et al., 2020) 51.04+ 106 71.98+122 22.60+010 48.76+035 73.90+055 87.80+040 17.48+060 34.40+ 102 - -
TGAT (Xu et al., 2020) 42364528 62.86+432 44.11+0s8 70.51+040 77.53+015 90.68+030 22.08+002 43.71+005 40.10+020 62.87+0.8
GraphMixer (Cong et al., 2023) | 39.17+ 122 61.24x000 4497006 69931004 67.97+0s8 84241056 1994008 39.26+014 36.70+010 58.12+020
TCL (Wang et al., 2021a) 30.96+080 S54.18+071 45.20+003 69.92+005 80.39+001 91.79+010 18.13+013 36.29+099 34.86+020 55.94+003
TCL + DTGIT (Ours) 32731069 56.40+0s8 45.88+004 70.10+004 80.78+003 91.96+012 18.83+010 36.75+097 36.53+022 58.25:004
DyGFormer (Yu et al., 2023) | 73.41+0s8¢ 83.58+ 113 56.16+053 77.82+012 81.77+020 91.25+01s 21.82+091 42.05+142 39.51+028 61.23=050
DyGFormer + DTGIT (Ours) | 74.08+075 84.07+0s81 56.82+027 78.24+004 8278064 92.67+033 22.82+037 44.76+043 40.49+018 62.94+033
RepeatMixer (Zou et al., 2024) | 72.49+030 77.77+067 55.54+027 76.79+002 72.15t038 81.09+042 18.65+022 37.75+019 34.78+048 55.88=066
RepeatMixer + DTGIT (Ours) | 73.29+027  80.54+081 56.44+015 78.24+004 73.86+059 83.30+008 19.04+00s 38.19+002 3524+038 56.56+056
Table 7: The statistics of datasets Table 8: Comparison of the target model trained with
different instructions on the link prediction task in trans-
Dataset #Nodes  #Edges  #Edge Categories #Timestamps #Domain duCtiVe Setting using random, hiStOl‘ical, and inductiVe
Enron 2711 797,907 10 1,006 Email X R A X
GDELT 678 133945 237 2591 Knowledge graph negative sampling. Each task is repeated 5 times.
ICEWS1819 31,796 1,100,071 266 730 Knowledge graph
Googlemap_CT 111,168 1,380,623 5 55,521 E-commerce ‘ ‘ Enron GDELT
Amazon_movies 293,566 4,217,324 5 7,287 E-commerce NSS Methods
| | AP AUC AP AUC
DyGFormer (Yu et al., 2023) 93.18+021 91.88+040 92.51+002 91.91+004
DyGFormer + DTGIT_v1 (Ours) | 93.43x010 92.20x005 92.62x005 92.01=004
d DyGFormer + DTGIT_v2 (Ours) | 93.96+03 93.08:006 92.65:007 92.05+ 006
. . m TCL (Wang etal., 2021a) | 78.19+ 106 % 88.68+04 88.29+010
tasks, when trained with our two-stage framework. TCL + DTGIT v1 ©urs) | 83.205 010 88995010 8840-01
TCL + DTGIT_v2 (Ours) 83.31+x062 83.19x112 89.19:0s50 88.44:+0.14
The performance Of our method and the base_ DyGFormer (Yu etal., 2023) | 45.57x0s1 36.13205% 53.37=106 52.97=115
DyGFormer + DTGIT_v1 (Ours) | 47.82+074 39.45:077 55.18:x061 53.92:084
1 1 1 1 . DyGFormer + DTGIT_v2 (Ours) | 52441078 41.45:073 54.78+043 53.63x061
llnes on the nOde retrleval taSk n bOth tranSduCtlve his TCL (Wang et al., 2021a) 61.88+108 60.61x151 6145111 62.53+02
3 3 3 3 3 TCL + DTGIT_v1 (Ours) 6476086 63.95:115 62.16:160 62.93+033
and inductive settings is presented in Tables 5 and 6, TCL - DTGIT\2 Oury | 665810 648315 62510 6230:05
: : DyGFormer (Yu et al., 2023) 45.56=080 36.80x112 53.36:x102 52.96x 115
respectively. Overall, the target dynamic graph DyGFommer + DTGIT V1 (Oury) | £182:101 30.46-00 551800 539100
. . ind DyGFormer + DTGIT_v2 (Ours) | 52.40+077  41.38+097 54.77+081 53.62+056
models trained with our two-stage framework gen- ind | Ol (Wang etal, 20212) | 61875108 6062515 614451 625150
. . . TCL + DTGIT_v1 (Ours) 6475080 63.94x130 61.69£120 62.85+024
erally outperform both the original models trained TCL + DTGITv2 Ours) | 664620 647910 625112 6231200

solely with standard supervised learning and other
baseline methods across most datasets and evalua-
tion settings. In particular, integrating DTGIT with
DyGFormer achieves the best performance on the
majority of datasets under both transductive and
inductive settings, demonstrating the effectiveness
of our instruction tuning framework in enhancing
temporal representation learning for retrieval tasks.

Compared with standard supervised training, our
framework generally improves HR@3 and HR@10
across different negative sampling strategies, in-

cluding random, historical, and inductive sampling.
The improvements are especially noticeable in
more challenging inductive settings, indicating that
the semantic knowledge acquired during instruc-
tion tuning can improve the generalization ability
of dynamic graph models toward unseen nodes
and evolving interaction patterns. Furthermore, the
gains achieved by integrating DTGIT with differ-
ent backbone models, including TCL, DyGFormer,
and RepeatMixer, demonstrate the general appli-
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Table 9: Comparison of the target model trained with
different large language models on the link prediction
task in transductive setting using random, historical, and
inductive negative sampling. Each task is repeated 5
times.

ns | Methods ‘ Enron GDELT
| | AP AUC AP AUC
DyGFormer (Yu et al., 2023) 93.18+021 91884040 9251002 91.91+0m
DyGFormer + DTGIT_Llama3 (Ours) | 93432010 92204005 92.624005  92.014004
ind | DYGFormer + DTGIT_Qwen3 (Ours) | 93.74x012 92875000 9261s0m 92020,
TCL (Wang et al., 2021a) 78195106 7948513 88.68+046 88.294010
TCL + DTGIT_Llama3 (Ours) | 83.20:05 82.85:120 88.99:040 88.40:013
TCL + DTGIT_Qwen3 (Ours) 83.26:05 83.00+£075 89.14x055 88.42:010
DyGFormer (Yu et al., 2023) 4557z0m 36.13:05 5337x106 5297% 115
DyGFormer + DTGIT_Llama3 (Ours) | 47.82+074  39.45+077  55.18+061 53.92+084
his DyGFormer + DTGIT_Qwen3 (Ours) | 48.24x083  39.47+0s0 5525403 54.03+043
’ TCL (Wang et al., 2021a) 61882108 60614151 61456111 6253402
TCL + DTGIT_Llama3 (Ours) | 64.76:05 63.95:115 6216+ 10 6293:0%
TCL + DTGIT_Qwen3 (Ours) | 66142075 641505 62.13:050 6225+ 068
DyGFormer (Yu et al., 2023) 4556:0m 36.80: 11 53.36x10 5296+ 115
DyGFormer + DTGIT_Llama3 (Ours) | 47.82: 100 39.46+004  55.184005  53.914064
.| DyGFormer + DTGIT_Qwen3 (Ours) | 48.25:005 39.49: 108 5527507  54.04x 065
ind TCL (Wang et al., 2021a) 61.87£108  60.62+152 6144111 62.51+029
TCL + DTGIT_Llama3 (Ours) 64.75:089 63941130 61.69+120 62.85+024
TCL + DTGIT_Qwen3 (Ours) | 6617006 64161099 62105114 62231057

Table 10: Comparison of quantitative clustering metrics
for positive and negative examples between standard
supervised training and the proposed method on the
Googlemap_CT dataset. The bold values indicate the
best performance.

Methods ‘ Silhouette Score T ‘ Davies-Bouldin Index | ‘ Calinski-Harabasz 1

Supervised Training 0.0344 7.2363
Two-stage training (Ours) 0.0648 5.0497

74.9258
154.7174

cability and robustness of our framework across
various dynamic graph architectures.

E Analysis

To investigate the sensitivity of our framework to
different instruction formulations, we evaluate two
semantically equivalent instruction variants, de-
noted as DTGIT_v1 and DTGIT_v2, on the link
prediction task under random, historical, and in-
ductive negative sampling settings. Specifically,
the alternative instructions are generated through
paraphrasing while preserving the original task se-
mantics and key contextual information.

As shown in Table 8, both instruction variants
generally improve the performance of the original
dynamic graph models across different datasets and
evaluation settings, demonstrating the robustness of
our framework to prompt variations. In particular,
the gains are more substantial under the historical
and inductive negative sampling settings, where
capturing temporal dependencies is more challeng-
ing. The relatively stable performance across differ-
ent instruction variants suggests that our framework
is not overly sensitive to prompt wording and can
generally transfer temporal semantic knowledge to
dynamic graph models.

To further investigate the impact of different
large language models in our framework, we
compare Llama-3-8B-Instruct and Qwen3 as the

teacher models used during the instruction tuning
stage. Specifically, the same two-stage training
framework and experimental settings are adopted,
while only the underlying LLLM for temporal se-
mantic alignment is changed.

As shown in Table 9, both Llama3 and Qwen3
generally improve the performance of the origi-
nal dynamic graph models across different datasets
and negative sampling strategies, demonstrating
the effectiveness and robustness of our proposed
framework. In particular, the improvements are
more significant under the historical and inductive
negative sampling settings, where modeling com-
plex temporal dependencies and generalizing to
evolving interaction patterns are more challenging.
Overall, these results demonstrate that our frame-
work is not restricted to a specific large language
model and can effectively transfer temporal seman-
tic knowledge from different LLMs to dynamic
graph models.

F LLM Usage Statement

Large language models are used in this work for
both method design and auxiliary language-related
tasks. Specifically, our proposed framework lever-
ages LLMs during the instruction tuning stage to
provide temporal semantic supervision for dynamic
graph models. In addition, we employ LLMs to
generate semantically equivalent paraphrases of
instruction prompts for the prompt sensitivity anal-
ysis. The paraphrased instructions preserve the
original task semantics while varying the wording
and expression style. No experimental results, anal-
yses, or conclusions in this paper are automatically
generated by LLMs. We also use Al tools for lan-
guage editing and improving the clarity of portions
of the manuscript. The authors reviewed and take
full responsibility for all content.
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