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Abstract

Large Language Models (LLMs) have driven significant advancements in Natural
Language Processing. While a broad range of literature has explored the graph-
reasoning capabilities of LLMs, including their use as predictors on graphs, the
application of LLMs to dynamic graphs, real-world evolving networks, remains
relatively unexplored. Recent work studies synthetic temporal graphs generated
by random graph models, but applying LLMs to real-world temporal graphs re-
mains an open question. To address this gap, we introduce Temporal Graph
Talker (TGTalker), a novel temporal graph learning framework designed for LLMs.
TGTalker utilizes the recency bias in temporal graphs to extract relevant structural
information, converted to natural language for LLMs, while leveraging temporal
neighbors as additional information for prediction. TGTalker demonstrates com-
petitive link prediction capabilities compared to existing Temporal Graph Neural
Network (TGNN) models. Across five real-world networks, TGTalker performs
competitively with state-of-the-art temporal graph methods while consistently
outperforming popular models such as TGN and HTGN. Furthermore, TGTalker
generates textual explanations for each prediction, thus opening up exciting new di-
rections in explainability and interpretability for temporal link prediction. Our code
is publicly available at https://github.com/shenyangHuang/TGTalker.

1 Introduction

The field of artificial intelligence has witnessed remarkable progress through the development of
Large Language Models (LLMs), beginning with the foundational Transformer architecture [54]
and evolving through significant milestones including BERT [15], GPT-3 [5], and ChatGPT [41].
These models have demonstrated unprecedented capabilities across diverse domains, showcasing
their versatility and potential for real-world applications. They have achieved remarkable levels on
computer vision tasks including multi-modal understanding [36, 42], on complex medical reasoning
tasks [52, 52], and shown promising results in scientific research [48], legal analysis [6], and creative
tasks [22], highlighting their transformative potential across professional and academic fields.

A key advancement in LLM capabilities is the emergence of In-Context Learning (ICL), which enables
models to adapt to new tasks without explicit fine-tuning [17, 10, 51, 5]. This paradigm encompasses
three fundamental approaches: zero-shot learning, where models solve tasks directly from natural
language instructions; one-shot learning, which adds a single example; and few-shot learning, which
leverages multiple examples to illustrate patterns. This flexibility in learning approaches has opened
new avenues for applying LLMs to complex structured data. To harness these capabilities for
graph-structured data, recent research has explored various approaches to integrate LLMs with graph
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Figure 1: Overview of TGTalker framework.

reasoning tasks. This integration is particularly relevant given that many real-world systems—from
molecular structures [2] and social networks [24] to transportation systems [68] and web data [4]—are
naturally represented as graphs. Prior work has investigated methods for encoding graph structure for
LLMs [21], combining graph encoders with LLMs [20], and fine-tuning LLMs for graph tasks [62].

However, a significant gap exists in applying LLMs to Temporal Graphs (TGs): evolving networks,
such as the Internet and social media, where entities and relations change over time. While the pio-
neering LLM4DyG [66] demonstrated preliminary LLM spatial-temporal understanding capabilities
on synthetic temporal graphs, it is limited to small-scale graphs with approximately 20 nodes. Their
potential for real-world TGs with thousands or millions of edges and exhibiting complex temporal
dynamics thus remains largely unexplored.

To bridge this gap, we introduce Temporal Graph Talker (TGTalker), the first comprehensive frame-
work that leverages LLMs for predictions on real-world temporal graphs. TGTalker is based on a
pre-trained LLM, and intelligently translates TG structures into natural language representations
tailored to specific tasks. Figure 1 shows an overview of the TGTalker framework, which consists of
four key components: (1) a background set that captures temporal context by incorporating relevant
temporal links near the target link, (2) an example set that provides in-context learning samples
through carefully selected question-answer pairs, (3) a query set that formulates prediction tasks in
natural language, and (4) a temporal neighbor sampling mechanism that ensures efficient and relevant
context selection. Our framework aligns with standard temporal link prediction tasks in Temporal
Graph Learning (TGL) [45, 64, 26, 23] while introducing novel capabilities for explainability and
adaptability through LLM-based reasoning. Our main contributions are as follows:

• LLM for real-world temporal graphs. We present TGTalker, a novel framework that leverages
LLMs for predictions on real-world TGs. Our approach combines the recency bias inherent
in TGs with temporal neighbor sampling to extract most relevant temporal subgraph as textual
representations for LLM.

• Strong link prediction performance. Through empirical experiments across three open-source
LLM families and five diverse real-world TGs, we demonstrate that TGTalker achieves competi-
tive performance with state-of-the-art Temporal Graph Neural Networks (TGNNs), consistently
outperforming some across datasets.

• Temporal link explanations. TGTalker introduces a novel paradigm of temporal link explanation
by leveraging the natural language generation capabilities of LLMs. This enables the generation of
human-readable explanations for model predictions, opening new directions for explainable TG
methods. We validate explanations’ correctness through a human annotation experiment.

• Diverse explanation categories. From LLM-generated explanations, we identify ten diverse
explanation categories, which are often related to patterns detected by existing TG algorithms.
These categories shed light on the diverse link reasoning capability of LLMs.

2 Preliminary on Temporal Graph Learning

Following the formulation of Continuous Time Dynamic Graphs (CTDGs) in [26, 45, 44, 38], we
represent temporal graphs as timestamped streams of edges and formally defined as:

Definition 1 (Temporal Graph). A temporal graph G can be represented as G =
{(s1, d1, t1), (s2, d2, t2), . . . , (sT , dT , T )}, where the timestamps are ordered (0 ≤ t1 ≤ t2 ≤
... ≤ T ) and si, di, ti denote the source node, destination node and timestamp of the i-th edge.
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Note that G can be directed or undirected, and weighted or unweighted. Gt is the cumulative graph
constructed from all edges in the stream before time t with nodes Vt and edges Et. We consider
a fixed chronological split to form the training, validation and test set. We follow the standard
streaming setting [45] for evaluation in CTDGs. The test set information is available to update
the model representation (i.e. via a memory module or temporal neighbor sampling); however, no
gradient or weight updates are allowed at test time. In this way, models can adapt to incoming data
without expensive gradient updates.

Definition 2 (k-hop neighborhood in a temporal graph.). Given a timestamp of interest t, denote
Gt as the cumulative graph constructed by all temporal links before t. Given a node u, the k-hop
neighborhood of u before time t is denoted by N t,k

u and it is defined as the set of all nodes v where
there exists at least a single walk of length k from u to v in Gt.

3 Methodology

3.1 Applying LLMs on Temporal Graph

LLM Notation. Consider a pre-trained Large Language Model (LLM) as an interface function
f where discrete tokens are received as input and generated as output via the token space W, i.e.
f : W → W. Therefore, many tasks with LLM can be formulated as Q&A pairs, i.e., A = f(Q)
where Q ∈ W is the question or query and A ∈ W is the answer. The TGTalker framework can be
applied to any pre-trained LLM model. We consider 5 families of LLM models include Qwen3 [60],
Qwen2.5 [60, 59], Mistral [7], Llama3 [18] and GPT-4.1-mini [1]. With TGTalker, LLMs can be
directly adapted to new TG datasets without any training or fine-tuning steps, significantly reducing
the overhead for manual model selection and hyperparameter tuning seen in TGNNs.

Temporal Link Prediction with LLMs. Given a TG observed until time t, i.e. Gt, the goal of
temporal link prediction is to predict the destination node d of a given source node s at a future
timestamp t′. Therefore, we can formulate temporal link prediction as a question-and-answer task for
LLMs as follows:

A = f(g(Gt), q(Qs,?,t′)) (1)

where Qs,?,t′ is the link query, g : G → W is a TG encoding function and q : W → W is the query
encoding function. Thus, it is important to identify the appropriate TG encoding function g and query
encoding function function q such that the LLMs can provide the correct answer A while respecting
the constraints from the LLM architecture such as maximum input size lmax. Note that in practice,
standard TGL methods treat the temporal link predicting problem as a ranking problem [26, 63]
where the model outputs a probability for each considered node pair and then selects the node pair
with the highest probability. With LLMs, it is possible to directly ask the model which destination
node is the most probable and avoid the need to predict probability for all node pairs for ranking.
Therefore, in TGTalker, the LLM directly outputs the destination node.

Temporal Link Explanation with LLMs. LLMs have been shown as powerful tools for explanability
for tasks such as medical diagnosis analysis [67], financial decision transparency [35] and educational
feedback [49]. With LLMs directly interfacing with discrete language tokens, it is possible to
generate temporal link explanations in natural language. The temporal link explanation task can also
be formulated as a question-and-answer task for LLMs as follows:

R = f∗(A, g(Gt), q(Qs,?,t′)) (2)

where A = f(g(Gt), q(Qs,?,t′)) is the answer to query q(Qs,?,t′) and R is the explanation or the
reasoning for the answer. Note that the LLM f∗ used for the explanation R does not necessarily have
to be the same LLM f used for prediction. Explaining predictions on TGs is inherently challenging
due to the spatial and temporal dependencies between entities [56, 9]. Unlike standard TGNNs where
only a prediction probability, LLMs provide an alternative approach for contextualizing structural
interactions via natural language.

Temporal Graph Talker (TGTalker) TGTalker encodes temporal graphs for LLMs by providing an
effective TG encoding function g and a query encoding function q. Importantly, LLMs each have a
fixed maximum input size lmax, which limits the amount of TG structural information that an LLM
can receive. To tackle this issue, we leverage the strong recency bias in TGs [12, 53, 26, 44] and
subsample the edges that are closest to the time of interest. Figure 2 shows the overview of TGTalker
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Figure 2: TGTalker framework has four core components: a background set, an example set, a query
set and temporal neighbor sampling.

which contains four core components: a background set, an example set, a query set, and temporal
neighbor sampling. The background set contains recent temporal graph structures, acting as the
context for the LLM. The example set shows matching question and answer pairs that instructs the
LLM to follow the text correctly. The query set contains the current batch of edges for prediction and
then converts them to LLM queries via the query encoding function q. Importantly, temporal neighbor
sampling identifies the most recent neighbors for each source node in the query and retrieves them to
provide the LLM with additional context. Detailed prompts in TGTalker are provided in Appendix D.

Both TGNNs [58, 45] and TG transformers [64] utilize temporal neighbor sampling as a key com-
ponent in architecture design. In TGTalker, we also augment LLMs with temporal neighborhood
information, following Definition 2. For a given node of interest u, we implement a one-hop neighbor
sampler which tracks its neighborhood information N t,1

u and includes the most recent m neighbors
in relation to the current timestamp t. In practice, we observe that the inclusion of temporal neighbor
information significantly boosts LLM performance as it directly retrieves the most relevant informa-
tion for LLM. The background set contains b most recent edges in Gt where t is the timestamp of
prediction and acts as the TG encoding function g(Gt). The LLM is instructed to be a TGL agent,
with each node encoded by its integer node ID. Edges are represented with parentheses as (src
node ID, dst node ID, timestamp), where timestamps are also integer-encoded. Note that on
continuous-time dynamic graphs, novel nodes are slowly introduced over time via their first edge
interaction. Thus, assigning node IDs to nodes based on their chronological sequence of appearance
provides a principled way to encode nodes with integer encoding.

Following the convention in [26, 45], TGTalker predicts test edges in a fixed-size batch. Each test
edge is then converted to text via the query encoding function q(Qs,?,t′) where s and t are the source
node and timestamp of interest, respectively. Similar to the background set, we encode the edges
with parentheses, and encode nodes by integer node ID. To provide additional context on the source
node, we utilize temporal neighbor sampling to also include m most recent neighbors of the source
node in the prompt. The example set provides in-context learning examples for LLMs to follow. Each
example is a Q&A pair, i.e. (A,Q), instructing the model to follow the same Q&A patterns. For our
experiments, we consider the example set size of 5, thus conducting 5-shot prompting on LLM.

4 Temporal Link Prediction

In this section, we evaluate the efficacy of TGTalker for temporal link prediction against established
TGL methods. Table 1 presents the test Mean Reciprocal Rank (MRR) for all models across five
temporal networks. As TGTalker leverages pre-trained LLMs without task-specific fine-tuning, we
report its results from a single inference run. For conventional TGL methods, which are trained
from scratch for each dataset, we report the mean and standard deviation across five random seeds.
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Table 1: Test MRR comparison for temporal link prediction, results reported from 5 runs for TGNNs
and a single run for pre-trained LLMs. All LLMs are instruct models. Top results are highlighted by
first, second, third.

Method tgbl-wiki Reddit LastFM UCI Enron
T

G
Ta

lk
er

(o
ur

s) Qwen3-1.7B 0.607 0.606 0.066 0.166 0.166
Qwen3-8B 0.651 0.626 0.069 0.189 0.192
Qwen2.5-7B 0.648 0.617 0.079 0.220 0.200
Mistral-7B-v0.3 0.604 0.612 0.067 0.212 0.184
Llama3-8B 0.604 0.613 0.069 0.213 0.193
GPT-4.1-mini 0.679 0.623 0.078 0.232 0.207

E
ve

nt

TGN [46] 0.396 ± 0.060 0.499 ± 0.011 0.053 ± 0.015 0.051 ± 0.011 0.130 ± 0.066

TNCN [65] 0.711 ± 0.007 0.696 ± 0.020 0.156 ± 0.002 0.245 ± 0.040 0.379 ± 0.081

GraphMixer [11] 0.118 ± 0.002 0.136 ± 0.078 0.087 ± 0.005 0.034 ± 0.062 0.014 ± 0.002

EdgeBank∞ [44] 0.495 0.485 0.020 0.079 0.101
EdgeBanktw [44] 0.600 0.589 0.026 0.222 0.141

Sn
ap

sh
ot HTGN (UTG) [61, 27] 0.464 ± 0.005 0.533 ± 0.007 0.027 ± 0.007 0.038± 0.005 0.107± 0.009

GCLSTM (UTG) [8, 27] 0.374 ± 0.010 0.467 ± 0.004 0.019 ± 0.001 0.013± 0.001 0.157± 0.019

GCN (UTG) [30, 27] 0.336 ± 0.009 0.242 ± 0.005 0.024 ± 0.001 0.022± 0.001 0.232± 0.005

The deterministic EdgeBank baseline is reported by a single run. In Table 1, TGTalker consistently
achieves top-two performance on three out of five datasets, and top-three on the Enron and LastFM
datasets, when compared with SOTA TGL methods. This highlights the significant potential of
leveraging LLMs for complex temporal graph prediction tasks. In addition, TGTalker requires no
fine-tuning or training, unlike existing methods. Another key observation is that increased model size
within the same LLM family boosts performance. For instance, Qwen3-8B generally outperforms
Qwen3-1.7B across multiple datasets. Among the LLM models, GPT-4.1-mini achieves the best
overall performance. TGTalker processes only a recent subset of the temporal graph’s history due to
maximum token length limitations on LLMs. In contrast, conventional TGL methods are typically
exposed to the entire graph history up to the prediction time. The competitive performance of
TGTalker suggests that LLMs utilize the most salient recent structural and temporal information from
the background set, example set and temporal neighbors in the TGTalker prompts.

5 Temporal Link Explanation

Designing Explanation Categories. To understand the range of link explanations, we first establish
reasoning categories. Qwen3-8B and GPT-4.1-mini are used to generate example explanations for
categorization. We then perform human annotation to establish ten reasonable and comprehensive
categories. These categories, along with their detailed descriptions, are shown in Table 2. The
‘Other’ category is left open for the LLM to propose novel categories if desired. The category of
‘Most Recent Interaction’ is similar to the well-known EdgeBank algorithm [44] where the model
simply uses recent past neighbors of a node for prediction. The ‘Default or Most Common Node’
category is analogous to the TG algorithm named PopTrack [14] which captures recently globally
popular destination nodes. Another interesting set of explanations, such as ‘Pattern Continuation’ and
‘sequence logic’ involves pattern extrapolation and analyzing alternating interactions from a given
source node to various destination nodes. These explanations show that LLM can naturally discover
algorithms on a temporal graph and provide insight into link pattern discovery on temporal networks.

Quantitative Analysis of Explanation Categories. To quantify the prevalence of these reasoning
categories, we prompted the same LLM that generated the prediction to classify its explanation into
one of the ten established categories, including an ‘Others’ option for unclassifiable explanations.
The same LLM is used for prediction and explanation classification because only the prediction LLM
knows the reasoning for its prediction, while other LLMs might not give the same reasoning. We
study the first 5,000 test predictions for LLama3-8B and GPT-4.1-mini on the tgbl-wiki and UCI
datasets. Figure 3 top row illustrates the distribution of these explanation categories. A key finding
is the adaptability of LLM reasoning to dataset characteristics: the composition of explanations
varies significantly across datasets. For example, when comparing GPT-4.1-mini’s explanations
on tgbl-wiki versus UCI, there is a marked increase in the ‘Lack of Data’ category for UCI. This
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Table 2: Categories of Temporal Link Explanations of LLMs with example explanations.
Category & Description GPT-4.1-mini Example
Most Recent Interaction: the model predicts the
destination node as the one with which the source
node had its most recent interaction before (or clos-
est to) the given timestamp.

Considering the latest timestamp 2249408 is close in temporal sequence to the previous
interactions, the most likely destination node remains 9180.

Repeated Interaction Pattern: if a source node
has repeatedly interacted with the same destination
node at multiple timestamps, the model predicts
that this pattern will continue.

The source node 415 has two past interactions, both with the destination node 9180 at
timestamps 2129703 and 2218092. This indicates a strong and consistent pattern of interaction
with the destination node 9180.

Most Frequent Past Destination: when multiple
past interactions exist, the explanation chooses the
destination node that appears most frequently in
the interaction history.

Identify the most frequent Destination Nodes that 4946 has interacted with close to the query
timestamp 2237653. Based on past interaction frequency and recency, predict the next likely
Destination Node for Source Node 4946 at the given timestamp 2237653.

Pattern Continuation: The model infers the next
likely destination by extrapolating from observed
interaction patterns, even when the exact match
isn’t present.

There is no direct information about interactions involving Source Node 969 in the given
temporal graph dataset. However, analyzing the dataset, node 1546 connected to node 2093
repeatedly suggests that node 2093 is a likely target for nodes connected with 1546, an adjacent
node to 969 in the provided history. Given no other direct interactions for 969, the best estimate
based on similar patterns is that 969 will interact with destination node 2093 at timestamp
7554157, consistent with historical interactions of the related node 1546.

Sequence or Alternation Logic: the model uses
the order of interactions (e.g., alternating between
nodes) to predict the next likely destination.

The most recent interactions for node 431 are at timestamps 9168862 (to 3662) and 9168862
(approx) to 2461. Both are recent and close in time, and both destination nodes appear
recurrently. Given that node 431 alternates between these two destination nodes, and there
is no recent interaction indicating a new destination, the most likely next destination node
at timestamp 9259228 is one of these two. Between 2461 and 3662: Given that there are
slightly more occurrences of interactions to 3662, including one of the most recent timestamps
(9168862), it is more likely the next interaction will also be to node 3662.

Default or Most Common Node: in the absence
of a clear match, the explanation may default to
the most common or logical node, or state that any
node could be chosen.

Since no direct interactions for Source Node 1741 are present, and no pattern can be derived,
we consider the most frequent Destination Node overall or a default prediction. The most
frequent Destination Node connected to various sources in the temporal graph is 3692.

Lack of Data: when no clear pattern or sufficient
data is available, the model defaults to a plausible
guess, sometimes stating the lack of information.

No interactions are shown in the provided temporal graph for node 1624, so we have no
historical interactions for node 1624 to infer from.

New Node: the model infers that the next interac-
tion might be with a new node that hasn’t appeared
in the source node’s history, especially if all previ-
ous interactions are exhausted.

The ‘Source Node‘ 997 is not present in the provided TEMPORAL GRAPH. Thus, we must
infer based on the context: The ‘Source Node‘ 997 likely behaves similarly to node 1546, as
their historical interactions from the user mention are similar.

Ambiguous Candidates: the explanation dis-
cusses more than one plausible destination (e.g.,
similar timestamps), and may use additional heuris-
tics to select among them.

Analyze the frequency and recency of destination nodes for Source Node 1543. The latest
interactions for Source Node 1543 before timestamp 10383318 are (1543, 3115, 10286093)
and (1543, 2539, 10286406). Among these, 3115 and 2539 are recent and likely candidates.

Others: use this only if none of the above apply.
Include a proposed new category name and brief
justification in the required format.

Examine the provided past interactions for Source Node 2115. Both interactions are from
node 6545 to 9180 at different timestamps. There’s no direct interaction from 2115 in the
given data, but observing the pattern for 6545 might help. Since there’s no direct data on 2115
in the provided temporal graph, we look at the past interactions’ pattern for node 6545 to infer
the destination node for 2115 at the given timestamp.

aligns with UCI’s known characteristic of introducing more novel nodes and interactions over time,
contrasting with tgbl-wiki’s higher prevalence of repeating edges. This demonstrates that LLMs
can tailor their reasoning strategies to the underlying data distribution. Further comparison between
LLMs in Figure 3 reveals distinct reasoning profiles. For instance, LLama3-8B explanations feature a
higher proportion of the ‘Pattern Continuation’ category compared to GPT-4.1-mini, which, in turn,
exhibits a greater percentage of explanations in the ‘Repeated Interaction Pattern’ category. These
differences offer insights into the varying intrinsic reasoning capabilities and biases of different LLM
architectures when applied to temporal graphs. Interestingly, this categorization also surfaces model-
specific behaviors and potential limitations. For example, Llama3-8B puts none of the explanations
in the ‘Sequence or Alternation Logic’ and ‘Ambiguous Candidates’ categories, and in some cases,
explanations classified under ‘Most Common Node’ appeared to be hallucinations. Conversely,
GPT-4.1-mini occasionally produced explanations categorized as ‘Others’ that suggested novel
reasoning patterns, such as ‘Analogy-Based Inference from Similar Node,’ highlighting the potential
for LLMs to uncover unforeseen reasoning strategies.

Correlating Explanation Categories with Predictive Performance. To assess whether the ex-
planation was hallucinated or aligned with the predictive outcomes, we analyzed the test MRR
performance within each category in Figure 3 bottom row. For GPT-4.1-mini, the results largely
align with expectations: the ‘Lack of Data’ category consistently shows low MRR, validating that the
LLM recognizes instances with insufficient evidence. Conversely, categories such as ‘Most Recent
Interaction’ and ‘Most Frequent Past Destination’ exhibit high MRR, reinforcing the importance
of recency and frequency heuristics in these temporal graphs. In comparison, Llama3-8B shows
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for Llama3-8B and GPT-4.1-mini on tgbl-wiki and UCI datasets. Note that empty explanation
categories are not shown in bar plots.

the strongest performance in ‘Repeated Interaction Pattern’ and ‘Ambiguous Candidates’ as well
as surprisingly high performance in ‘Lack of Data’ categories, suggesting that Llama3-8B is less
capable of correlating its explanation with likely predictive outcomes.

Human Annotation Experiment. To ensure the validity of LLM-generated explanations, we
conduct a human annotation experiment where we asked four independent annotators to examine
TGTalker output explanations, as detailed in Appendix F. This showed that LLM explanations are
generally very correct, with low hallucination counts and a strong correlation between human annota-
tors’ assigned categories and that of LLMs. Overall, we observed high intra-annotator agreement to
support these findings.

6 Conclusion

In this work, we introduced TGTalker, a novel framework that leverages LLMs for prediction on real-
world temporal graphs. TGTalker utilizes the recency bias inherent in temporal graphs and temporal
neighbor sampling to extract the most relevant temporal graph structures to textual representations for
LLM reasoning. TGTalker achieves competitive performance with state-of-the-art TGNNs across five
temporal networks without any fine-tuning. Beyond prediction accuracy, our framework introduces
novel temporal link explanations via LLMs’ natural language generation capabilities, providing
human-readable explanations for predicted temporal links. The framework’s ability to identify
various reasoning patterns - from temporal relations to repeated patterns and sequence identification -
opens new possibilities for explainability in temporal graph learning.
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A Limitations

First, the process of converting temporal graphs into textual representations is inherently constrained
by the context window size of the underlying LLM. Given that the context window of LLMs are
often limited to around 32k (small models) or 128k (larger models) for common open-source models
such as Qwen [60, 59], it is not feasible to use entire temporal graphs with millions of edges as input.
TGTalker is designed with this limitation in mind where we provide recent edges to the LLM in the
input prompt. However, this strategy may overlook long-range dependencies[19], which may lead to
lower performance on datasets where relevant links span longer durations. Second, TGTalker is a
framework for adapting LLMs for predictions on temporal graphs. Thus, the speed and efficiency of
TGTalker are inherently tied to the characteristics of the base LLM model it employs. In addition, the
choice of the base model affects link prediction performance as well as the explanations generated.
Therefore, more LLM base models can be explored for evaluation as well.

B Broader Impact

Impact on Temporal Graph Learning. As the first work to demonstrate the effectiveness of
LLM on real world temporal graph predictions, we expect TGTalker to raise significant discussion
in the community and spark future work that continue to explore the use of LLM for TGL, with
TGTalker serving as a solid foundation for more advanced and specific works to follow. As shown
in experiments, the link explanations provided by TGTalker can also contribute to future efforts
on explanability in this field. More broadly, the advancement in temporal graph learning can be
translated to improvements in recommendation systems, epidemic modeling, biological network
analysis and more. As such, improving the modeling and analysis of such data opens up a promising
avenue for innovation.

Potential Negative Impact. It is well-known that LLMs can hallucinate and provide unreliable
explanations [28, 39]. As TGTalker framework utilizes pre-trained LLM, any hallucination or errors
from the base LLM might also affect the output from TGTalker. Therefore, practitioners should
be aware of the limitations of LLMs when adapting TGTalker. In addition, if the link explanation
categories become widely-used in the field, it might limit novel categories to be discovered. We also
expect that with novel temporal networks, more explanation categories will be discovered as LLMs
adapts to different link patterns.

C Related Work

Temporal Graph Learning. Temporal Graph Learning (TGL) focuses on modeling spatial and
temporal dependencies in evolving networks. Following the taxonomy in [29], methods are typi-
cally classified as either Continuous-Time Dynamic Graphs (CTDGs) or Discrete-Time Dynamic
Graphs (DTDGs). CTDG methods [37], such as TGN [45], EdgeBank [44], TNCN [65], and Graph-
Mixer [11], operate on irregular event streams, capturing fine-grained node interactions important
for domains like social networks [31] and financial transactions [50]. In contrast, DTDG methods
process graph snapshots at fixed intervals, combining GNNs with recurrent models [61, 30, 8]. While
DTDGs offer computational efficiency by processing full snapshots and retaining historical context,
they may suffer from reduced temporal fidelity [27]. The UTG framework [27] addresses this gap by
adapting snapshot-based models to event-based datasets. In our experiments, TGTalker is evaluated
against representative CTDG and DTDG methods.

In-Context Learning on Graphs. Recent efforts have explored applying in-context learning (ICL)
to graph-structured data, where challenges arise from translating complex relational information
into linear prompts suitable for LLMs. Unlike conventional NLP tasks, effective graph ICL requires
careful encoding of substructures and relational patterns. Frameworks such as PRODIGY [25]
propose pretraining objectives and model architectures tailored for graph-based pro3mpting. Other
work investigates the innate ability of LLMs to infer patterns from structured examples with minimal
adaptation [33]. A key challenge addressed by TGTalker lies in how to strategically select, verbalize,
and sample relevant temporal graph substructures to maximize ICL effectiveness.

Graph Reasoning with Large Language Models. Beyond in-context learning, a growing body
of research examines the capacity of LLMs for more general graph reasoning tasks [21, 47, 3, 43].
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Table 3: Example Prompt Construction in TGTalker. Background set describes recent links in the
temporal graph in text form.

Prompt Example
System Prompt You are an expert temporal graph learning agent. Your task is to predict

the next interaction (i.e. Destination Node) given the ‘Source Node’ and
‘Timestamp’.

TG Prompt Description of the temporal graph is provided below, where each line is
a tuple of (‘Source Node‘, ‘Destination Node‘, ‘Timestamp‘).

Background Set (0,8227,0), (1,8228,36), (1,8228,77), (2,8229,131) ...

Example Set ‘Source Node’ 1 has the following past interactions: (1,8228,36),
(1,8228,77). Please predict the most likely ‘Destination Node’ for
‘Source Node’ 1 at ‘Timestamp’ 150. Answer: ‘Destination Node’ is
8228.

Query Set ‘Source Node’ 1 has the following past interactions: (1,8228,36),
(1,8228,77). Please predict the most likely ‘Destination Node’ for
‘Source Node’ 1 at ‘Timestamp’ 217.

While LLMs demonstrate preliminary spatial and temporal understanding [66], they often struggle
with dynamic graphs and tasks requiring complex multi-hop reasoning [13, 40]. Moreover, shortcut
learning behaviors—where models produce correct outputs via flawed reasoning—have been widely
observed. Nonetheless, the ability of LLMs to reason without task-specific fine-tuning positions them
as attractive alternatives to specialized temporal graph neural networks (TGNNs). TGTalker builds on
these insights by proposing methods to structure temporal information in ways that enhance LLMs’
robustness and reasoning depth.

LLMs for Temporal Knowledge Graphs. A third line of research adapts LLMs to Temporal
Knowledge Graphs (TKGs), leveraging either ICL [32], semantic knowledge of temporal dynam-
ics [16, 57, 55], or fine-tuning strategies [34]. However, most TKGs encode rich textual descriptions
for nodes and edges, allowing LLMs to rely on surface-level semantics rather than deeper structural
reasoning. In contrast, TGTalker focuses on general temporal graphs where entities are represented
abstractly (e.g., by identifiers), requiring models to reason over raw temporal-structural patterns
without external semantic clues. This distinction is crucial for evaluating the true relational reasoning
abilities of LLMs at fine temporal granularities.

D Prompt Details

Here we show the detailed prompts we used in TGTalker in Table 3. The prompts include system
prompt, temporal graph prompt, background set prompt, example set prompt and query set prompt.

E Explanation Categories

Here we provide further details on the temporal link explanations generated by LLMs. Figure 4 illus-
trates the distribution of explanations generated by Qwen2.5-7B, highlighting the model’s preference
for the Repeated Interaction Pattern category. Example explanations from Llama3-8B-instruct,
GPT-4.1-mini, and Qwen2.5-7B are shown in Table 2, Table 7, and Table 6, respectively. Notably,
Llama3-8B-instruct omits explanations in certain categories such as ‘Ambiguous Candidates’
and exhibits hallucinations in the ‘Default or Most Common Node’ category. Similarly, Qwen2.5-7B
often misclassifies its ’Default’ hallucinations, which more accurately reflect ’Lack of Data’ descrip-
tions.
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F Human Annotation Experiment

To empirically validate the correctness of generated explanations, we conducted a human annotation
experiment. Four independent annotators were asked to assess the correctness of the explanations
and categorize them, as well as flag any instances of hallucinations. Table 4 details the results
of this experiment. Notably we find LLM-generated explanations are rated very correct with a
low hallucination rate, and considerable agreement between human-attributed categories and those
generated by LLMs. We overall find high intra-annotator agreement to support these findings, though
it is lower for category attribution, which we attribute to the high number of categories which induce
higher variance.

Table 4: Human Annotation Experiment for Wiki and UCI Datasets
Metric wiki UCI
Avg. Correctness Rating (1–3) 2.854 2.835
Human–LLM Category: Raw Agreement 70.83% 72.00%
Intra-Annotator Agreement (Correctness Rating) 75.00% 74.00%
Intra-Annotator Agreement (Category Attribution) 45.83% 62.00%
Avg. Count of hallucination behaviour instances 3% 5.5%

G Dataset Details

In this work, we evaluate TGTalker across five continuous-time dynamic graph datasets. Table 5
shows the statistics for each dataset. As seen in Table 5, our experiments cover a wide range of
datasets with up to 1.2 million edges and timestamps. Dataset details are described in Appendix G.
The number of nodes in our experiments are up to 500x larger than the synthetic graphs used in
prior work [66]. The surprise index is defined as surprise = |Etest\Etrain|

Etest
[44] which measures the

proportion of unseen edges in the test set when compared to the training set. The tgbl-wiki dataset
is from the Temporal Graph Benchmark (TGB) [26] while the rest of datasets are from [44]. We
follow the evaluation protocol in TGB where the link prediction task is treated as a ranking problem
and the goal is to rank the true positive edge higher than all negative samples. For tgbl-wiki, we
use the TGB negative samples, while for other datasets, we follow TGB procedure [26] to generate
negative samples for evaluation, including 50% historical negatives and 50% random negatives.

• tgbl-wiki [26] is a bipartite interaction network that captures temporal editing activity
on Wikipedia over one month. The nodes represent Wikipedia pages and their editors, and
the edges indicate timestamped edits. Each edge is a 172-dimensional LIWC feature vector
derived from the edited text.

• Reddit [44] models user-subreddit posting behavior over one month. Nodes are users
and subreddits, and edges represent posting requests made by users to subreddits, each
associated with a timestamp. Each edge is also a 172-dimensional LIWC feature vector
based on post contents.

• LastFM [44] is a bipartite user–item interaction graph where nodes represent users and
songs. Edges indicate that a user listened to a particular song at a given time. The dataset
includes 1000 users and the 1000 most-listened songs over a one-month period. It contains
no node or edge attributes.

• UCI [44] is an anonymized online social network from the University of California, Irvine.
Nodes represent students, and edges represent timestamped private messages exchanged
within an online student community. The dataset does not contain node or edge attributes.

• Enron [44] is a temporal communication network that is based on email correspondence
over a period of three years. Nodes represent employees of the ENRON energy company,
while edges correspond to timestamped emails. The dataset does not include node or edge
features.

Tgbl-wiki is obtained from the Temporal Graph Benchmark [26], where the dataset can be down-
loaded along with the package, see TGB website for details. Reddit, LastFM, UCI and Enron
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Table 5: Dataset statistics.

Dataset # Nodes # Edges # Unique Edges # Unique Steps Surprise Duration

tgbl-wiki 9,227 157,474 18,257 152,757 0.108 1 month
Reddit 10,984 672,447 78,516 669,065 0.069 1 month
LastFM 1,980 1,293,103 154,993 1,283,614 0.35 1 month
UCI 1,899 26,628 20,296 58,911 0.535 196 days
Enron 184 10,472 3,125 22,632 0.253 3 years

are obtained from [44] and can be downloaded at https://zenodo.org/records/7213796#
.Y8QicOzMJB2.

H Variants and Baselines

We test five families of LLMs with varying sizes as pre-trained LLMs in TGTalker, including the
following open-source LLM models: Qwen3-1.7B, Qwen3-8B, Qwen2.5-7B-Instruct [60, 59],
Mistral-7B-Instruct-v0.3 [7] and Llama3-8B-instruct [18]. We also include the closed-
source model: GPT-4.1-mini [1]. All of the LLMs are instruct models thus better fit for in-context
learning. We drop the instruct suffix later for brevity. By default, we use background set size b = 300,
batch size 200, example set size 5, and two 1-hop temporal neighbors for each source node during
prediction.

I Compute Resources

For our experiments, we used the following compute resources. The TGTalker (LLM experiments)
were conducted on a single NVIDIA A100-SXM4 GPU (80GB memory) paired with 4 AMD Milan
7413 CPU nodes (2.65 GHz, 128MB L3 cache), each equipped with 128GB RAM. For CTDGs and
DTDGs experiments, we used a Quadro RTX 8000 GPU paired with 4 CPU nodes, each with 64GB
RAM. Each experiment had a five-day time limit and was repeated five times, with results reported
as averages and standard deviations across runs. For GPT-4o-mini and GPT-4.1-mini experiments,
we used OpenAI’s batch processing API https://platform.openai.com/docs/guides/batch.
Aside from methods based on PyTorch Geometric, several baseline models—tested using their
original code or the DyGLib repository—failed with out-of-memory or timeout errors on larger
datasets, even under generous configurations.

Figure 4: Explanation category composition plots for Qwen2.5-7B on tgbl-wiki and UCI datasets.

J Code and Model Access

Code for reproducing TGTalker is available at https://github.com/shenyangHuang/TGTalker.
We also attach our code in the supplementary materials as backup. We use various pre-trained LLMs
in TGTalker. For reproducibility, the Hugging Face link to all the open-source LLMs are available
below:

• Qwen3-1.7B: link.
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• Qwen3-8B: link.
• Qwen2.5-7B-Instruct: link.
• Mistral-7B-Instruct-v0.3: link.
• Llama3-8B-instruct: link.
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Table 6: Examples of Qwen2.5-7B explanations for each category.
Category Description Qwen2.5-7B Example
Most Recent Interaction: The model pre-
dicts the destination node as the one with
which the source node had its most recent
interaction before (or closest to) the given
timestamp.

I used the temporal graph provided to analyze the movement
patterns between Node 775 and its recorded neighbors in the
graph. Given that Node 775’s movement has been predominately
towards Node 8529, and aiming to predict next interaction’s node,
the Node 8529 is predicted as the most plausible neighbor based
on past interactions.

Repeated Interaction Pattern: If a source
node has repeatedly interacted with the
same destination node at multiple times-
tamps, the model predicts that this pattern
will continue.

I used the temporal graph provided to analyze the movement
patterns between Node 7326, Node 400, and Node 2517. Based
on previous interactions, I determined the two most frequent Des-
tination Nodes for each Source Node. Therefore, my prediction
for Node 7326 is 8491, and my prediction for Nodes 400 and
2517 is 8817 respectively.

Most Frequent Past Destination: When
multiple past interactions exist, the expla-
nation chooses the destination node that ap-
pears most frequently in the interaction his-
tory.

I predict that the most likely ’Destination Node’ for ’Source
Node’ 2196 at ’Timestamp’ 2220367 is ’8471’ because it has
been connected to this node more frequently in the temporal
graph observations. The adjacency relationships between these
nodes is the key factor in my prediction.

Pattern Continuation: The model infers
the next likely destination by extrapolating
from observed interaction patterns, even
when the exact match isn’t present.

I predict that the most likely destination node for Source Node
1282 at Timestamp 7206287 is 3185 based on its previous inter-
actions. It has visited two other nodes, 1285 and 2315, around
79 times in Temporal Graph. This visit distribution across these
three nodes is discovered by revisiting the Temporal Graph which
fits well with a triadic closure of nodes 1282, 1285 and 2315
and highlights potential strength of three nodes to communicate
with each other, indicating that 1282 might be looking to create
new connections. Therefore, considering the node co-occurrence,
node strength and high triadic closure, I predict Render Tree to
be the destination node of 1282 at Timestamp 7206287.

Sequence or Alternation Logic: The
model uses the order of interactions (e.g.,
alternating between nodes) to predict the
next likely destination.

I used the temporal graph provided to analyze the movement
patterns between Node 775 and its recorded neighbors in the
graph. Given that Node 775’s movement pattern changes between
Node 9180 and Node 8529, I predict Node 8529 as the most likely
next destination because it represents a different pattern from the
one represented by Node 9180.

Default or Most Common Node: In the
absence of a clear match, the explanation
may default to the most common or logical
node, or state that any node could be cho-
sen.

The only explanation generated in this category is a hallucination
confounded with the Lack of Data category.

Lack of Data: When no clear pattern or suf-
ficient data is available, the model defaults
to a plausible guess, sometimes stating the
lack of information.

I used the temporal graph provided to analyze the movement
patterns between Node 312 and its recorded neighbors in the
graph. Given that Node 390 has existed in previous time-steps
but is not seen connected to Node 2032, it can be inferred that
Nodes 390 and 2032 are not directly connected to one another at
this point. Therefore, predicting a connection between 312 and
2032 might not be accurate, and choosing them as a destination
could be a random guess without further context.

New Node: The model infers that the next
interaction might be with a new node that
hasn’t appeared in the source node’s history,
especially if all previous interactions are
exhausted.

I predict that the most likely destination node for Source Node
1285 at Timestamp 7198235 is 3213 based on its previous inter-
actions. It has visited two other nodes, 1282 and 3547, around
7091387. Since 3213 is not discovered in these past interactions
and its occurrence in Temporal Graph is less than these two nodes,
I believe it has not been visited yet.

Ambiguous Candidates: The explanation
discusses more than one plausible destina-
tion (e.g., similar timestamps), and may use
additional heuristics to select among them.

No explanations fall within this category (None).

Others: Use this only if none of the above
apply. Include a proposed new category
name and brief justification in the required
format.

I predict that the most likely destination node for Source Node
447 at Timestamp 7138932 is 3567 due to my analysis of the
temporal graph data, in which Source Node 447 has not interacted
with any other Node in the provided data. Since Temporal Graph
Learning is based on historical patterns, historical data discovered
in the past, and interactions between nodes over time, I predict
that no further interaction is likely to occur. Please note that
this prediction is based purely on the pattern of absence in the
provided data and Temporal Graph Learning best practices, and
not on any other external factors. This prediction should be taken
as a stochastic exercise and may not be entirely accurate always.
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Table 7: Examples of ‘Llama3-8B-instruct’ explanations for each category.
Category Description Llama3-8B-instruct Example
Most Recent Interaction: The model pre-
dicts the destination node as the one with
which the source node had its most recent
interaction before (or closest to) the given
timestamp.

The source node 131 has a past interaction with destination node
220, which is a relatively strong signal. Since there is no other
strong signal in the data, I predict that the most likely destination
node for source node 131 at timestamp 94823623 is node 276,
which is the node that is closest to node 220 in the graph.

Repeated Interaction Pattern: If a source
node has repeatedly interacted with the
same destination node at multiple times-
tamps, the model predicts that this pattern
will continue.

The temporal graph model learns patterns and relationships based
on the past interactions. When we look at the past interactions
for ‘Source Node‘ 6, we see that it typically interacts with nodes
237 and 314. Considering the timestamp 94969339, it’s possi-
ble that the pattern of interactions is maintained, and the most
likely destination node for ‘Source Node‘ 6 would be ‘Node 314‘.
However, please note that this prediction is based on a limited set
of past interactions and may not generalize to all possible future
interactions.

Most Frequent Past Destination: When
multiple past interactions exist, the expla-
nation chooses the destination node that ap-
pears most frequently in the interaction his-
tory.

Based on the given temporal graph, which includes multiple inter-
actions across different timestamps, I can see that ‘Source Node‘
147 has a history of interactions with several nodes, including 280,
293, 314, and 367. The predicted timestamp (95227379) is in
the same time range as the majority of interactions. Therefore, I
predict that the most likely ‘Destination Node‘ for ‘Source Node‘
147 at ‘Timestamp‘ 95227379 is node 367, given that this node
has a high frequency of interactions with node 147 in the past.

Pattern Continuation: The model infers
the next likely destination by extrapolating
from observed interaction patterns, even
when the exact match isn’t present.

The temporal graph model learns to predict the likelihood of a
future interaction based on past interactions. Since ‘Source Node‘
117 has only two past interactions, both with ‘Destination Node‘
64, which is not present in the general interaction list, it’s difficult
to determine a pattern or relationship. However, the closest pair
to ‘Source Node‘ 117 is ‘Source Node‘ 125 with a time difference
of 18, and its closest pair is a repetition of the same interaction.
Therefore, I predicted ‘Destination Node‘ 299 as it is similar
in structure to the past interaction of ‘Source Node‘ 125, even
though it may not be the exact same node.

Sequence or Alternation Logic: The
model uses the order of interactions (e.g.,
alternating between nodes) to predict the
next likely destination.

No explanations fall within this category. (None)

Default or Most Common Node: In the
absence of a clear match, the explanation
may default to the most common or logical
node, or state that any node could be cho-
sen.

The only explanation in this category is a hallucination.

Lack of Data: When no clear pattern or suf-
ficient data is available, the model defaults
to a plausible guess, sometimes stating the
lack of information.

Unfortunately, since there is no past interaction data available
for ‘Source Node‘ 2134, I cannot provide a reliable prediction.
The graph learning model relies heavily on past interactions to
make predictions, so without any relevant data, it’s challenging to
make an accurate prediction. If more data was available, I could
train the model to predict the most likely ‘Destination Node‘ for
‘Source Node‘ 2134 at ‘Timestamp‘ 2479023.

New Node: The model infers that the next
interaction might be with a new node that
hasn’t appeared in the source node’s history,
especially if all previous interactions are
exhausted.

The source node 1546 is not available in the previous network
as we moved to source node 1548. The name sequences of the
source node may differ but all other procedures remain same.

Ambiguous Candidates: The explanation
discusses more than one plausible destina-
tion (e.g., similar timestamps), and may use
additional heuristics to select among them.

No explanations fall within this category. (None)

Others: Use this only if none of the above
apply. Include a proposed new category
name and brief justification in the required
format.

Unfortunately, since you provided a random input with fake in-
teractions, I don’t have enough real data to accurately predict the
destination node. The interactions you provided have no existing
pattern or correlation with any actual node or timestamp, so I
would recommend trying with real data for a more accurate pre-
diction.

K Ablation Study

Here we conduct ablation studies on the components of TGTalker. Table 8 shows the link prediction
performance of the Qwen3.8b model with respect to in context learning, the number of temporal
neighbors, and the size of the background set – as well as the performance of TGTalker with none
of these components. Notably, the exclusion of temporal neighbours has a significant reduction in
model performance – and the exclusion of all three components drastically nullifies the model’s
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performance. This emphasizes the importance of extracting relevant structural information specific to
the node of interest (i.e. the recent neighbours of the source node).

Table 8: Ablation Study Results for TGTalker with Qwen3.8b as base model where test MRR is
reported.

Configuration tgbl-wiki Reddit

TGTalker (All components) 0.649 0.613

– w/o In Context Learning 0.645 0.612
– w/o Temporal Neighbours 0.322 0.122
– w/o Background Set 0.648 0.618

– with no components 0.008 0.002

In comparison, removing either the In-context learning and background set seems to have minor
impact on the model performance. Their importance is however put forth by the drop in performance
with no components. Table 9 offers more detailed insights into the effect of temporal neighbours.
While the absence of such neighbours drastically plummets TGTalker’s performance, the increase in
number of neighbours also has a strong positive effect.

Table 9: Ablation Study Results for TGTalker with Qwen3.8b on the number of temporal neighbors
Configuration tgbl-wiki Reddit

TGTalker (nbr = 2) 0.649 0.613

– Number of temporal neighbours = 0 0.322 0.122
– Number of temporal neighbours = 1 0.646 0.520
– Number of temporal neighbours = 5 0.652 0.635
– Number of temporal neighbours = 10 0.656 0.643
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NeurIPS Paper Checklist
1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The claims made in the abstract and introduction are centered around the
TGTalker’s temporal link prediction performance and explanations for predictions. Both are
supported by experimental results in Section 4. TGTalker is compared of state-of-the-art
TGNNs and achieved competitive performance. The explanations from TGTalker is also
discussed and analyzed accordingly. We expect the strong performance of TGTalker to
generalize to other temporal graph datasets based on the performance of TGTalker across
five datasets tested in this work.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: The limitations of this work is discussed in the limitations section in Ap-
pendix A.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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3. Theory Assumptions and Proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]

Justification: The paper does not present theoretical results.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The TGTalker architecture is explained in detail as the central part of this paper,
and supporting elements, including datasets, negative sampling strategies, and batching, are
detailed in Sections 3 and 4.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
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In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The code used in this work is accessible at the following repository:
https://github.com/shenyangHuang/TGTalker with instructions in its README
files. All datasets used are publicly available from prior work. tgbl-wiki is ob-
tained from the Temporal Graph Benchmark (https://tgb.complexdatalab.com/
docs/dataset_overview/) [26] and the rest of the datasets are obtained from [44] via
https://zenodo.org/records/7213796#.Y8QicOzMJB2.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Data processing and other relevant details are presented in Sections 3 and 4.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
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Justification: In this work, the TGNN results are reported across multiple seeds with mean
and standard deviation values, as they are required to train from scratch for each individual
dataset. In contrast, TGTalker results are based on pre-trained LLM models where the
weights are directly downloaded from public repositories. Therefore, we report one run for
each LLM.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Yes, we report the compute resources we used in Appendix I. For gpt-4o-mini
and gpt-4.1-mini, we use OpenAI’s batch processing api https://platform.openai.
com/docs/guides/batch.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code Of Ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The presented work utilizes publicly available data and models, without
collecting sensitive information or affecting human subjects. It thus poses no foreseeable
ethical risks and adheres to the Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
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• If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader Impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The societal impacts expected from this work are detailed in the Broader
Impact section in Appendix B.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: Our proposed TGTalker only utilizes pre-trained language models and no new
pre-trained model is released. Thus, the presented work does not pose such risk.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
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Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The datasets and models used in this work are publicly available and open-
sourced. For the closed-source LLMs used, their license is respected. They are all properly
credited.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New Assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: Such assets includes the proposed TGTalker method, which is well explained
both in this paper and in the accompanying documentation. We provide the code implemen-
tation for reproducibility in https://anonymous.4open.science/r/TGTalker-668D.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and Research with Human Subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: The work does not involve human subjects or crowdsourcing.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.
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• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: The present work does not involve crowdsourcing nor research with human
subjects thus no approval is needed.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [Yes]
Justification: Yes, our TGTalker framework uses LLM as an important component. LLMs
are used in the TGTalker framework as link predictors and explainers via natural language
text. We test our results across five families of LLMs and show that TGTalker results extends
to different LLMs.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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