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Abstract
Online live streaming platforms, such as YouTube Live and Twitch, have seen a surge in 
popularity in recent years. These platforms allow viewers to send real-time gifts to stream-
ers, which can bring significant profits and fame. However, there has been little research on 
the donation system used on live streaming platforms. This paper aims to fill this gap by 
building a continuous-time dynamic graph to model the interactions among viewers based 
on real-time chat messages and predict the real-time donations on live streaming platforms. 
To achieve this, we propose a novel model called the Temporal Difference Graph Neural 
Network (TDGNN) that incorporates imbalanced learning strategies to identify potential 
donors during live streaming. Our model can predict the exact time when donations will 
appear. We conduct extensive experiments on three live streaming video datasets and dem-
onstrate that our proposed model is more effective and robust than other baseline methods 
from other fields.
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1  Introduction

The growth of the internet and the increasing use of mobile devices have led to a surge 
in the popularity of live streaming services. These services offer a wide range of content, 
including news, sports, entertainment, and video games (Yang & Lee, 2018), and provide 
several advantages over traditional television, such as a large variety of content, low costs, 
flexibility in viewing, personalized channels, and uninterrupted programming (Yang & 
Lee, 2018; Lee et al., 2016). The COVID-19 pandemic has significantly impacted the live 
streaming industry, as many people have turned to online courses and remote work, result-
ing in an increase in the global market for online video streaming.

YouTube Live1 is one of the most popular online live streaming platforms, with millions 
of user-generated content shared among billions of active users. Viewers on YouTube Live 
can communicate with others by sending real-time chat messages, which streamers can 
see and interact with in real time. These chat messages bring viewers and streamers closer 
together, creating a sense of community for viewers and making popular streamers into 
‘celebrities’ for their audiences (Fietkiewicz et al., 2018). Additionally, some viewers are 
willing to donate money to their favorite streamers through the ‘superchat’ donation sys-
tem on YouTube Live. As shown in Fig. 1, superchat is a special chat message associated 
with an amount of money ranging from $1 to $500 that is highlighted in the live streaming 
chatbox for some time. This system brings profits, popularity, and motivation for streamers 
to create high-quality content. This situation raises some interesting questions: Who tends 
to send superchats? When are superchats sent? Can superchats be predicted? Understand-
ing the answers to these questions will help streamers to predict their expected donation 
income better.

Research on live streaming services is still in its early stages. Scholars are studying vari-
ous aspects of video content, such as improving video quality and using image recognition 
in live streaming. Additionally, live-streaming platforms provide a valuable data source for 
chat data analysis. Some works focus on highlight detection (Chu & Chou, 2017), sen-
timental analysis (Kavitha et  al., 2018), and fraud detection (Li et  al., 2021). However, 
there is limited research on analyzing virtual donations in live streaming services. Current 
studies focus on static donation prediction without considering temporal information, using 
simple machine learning algorithms (Jia et al., 2021; Wang et al., 2019), and are thus not 
practically applicable.

This paper presents a novel approach to discovering when and who sends superchat 
messages in YouTube live streaming. We study real-time chat messages and interactions 
among viewers in live streaming. We find that chat messages increase significantly when 
a superchat is posted, as streamers appreciate the donation and other viewers respond to 
the superchat. Additionally, superchat messages are usually longer and better organized to 
attract attention. Therefore, a superchat message is usually followed by many response chat 
messages and has unique text content.

Drawing on these insights, we propose an approach that models the dynamic inter-
actions among viewers and the text content of chat messages. Our method utilizes a 
continuous-time dynamic graph to capture the complex relationships among thousands 
of viewers and millions of chat messages. By transforming the superchat detection prob-
lem into a dynamic node label classification problem in the graph, we are able to predict 

1  https://​www.​youtu​be.​com/.

https://www.youtube.com/
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both the superchat messages and the timing of their posting on YouTube Live. To learn 
temporal node representations in the graph, we introduce a novel Temporal Difference 
Graph Neural Network (TDGNN) that exploits the information gap between connected 
nodes.

The experimental results demonstrate that our proposed approach is highly effective 
in predicting superchat messages with AUC scores up to 0.916, outperforming various 
baseline methods. These baseline methods include decision tree algorithms(e.g., GBDT, 
XGBoost), time sequence models (e.g., LSTM-FCN (Karim et al., 2018)), static graph-
structured models (e.g., GCN (Kipf & Welling, 2016a), GAT (Veličković et al., 2018)), 
text classification models (e.g., BERT (Devlin et  al., 2018)), and the latest temporal 
graph neural network (TGNN) models (e.g., TGN (Rossi et  al., 2020), APAN (Wang 
et al., 2021), TGAT (Xu et al., 2020)), MetaDyGNN (Yang et al., 2022).

In this paper, we make several important contributions to the field of donation pre-
diction in live streaming platforms, including:

Fig. 1   An example of a superchat 
on the YouTube Live platform is 
when a viewer named ‘Milktea’ 
donates $5.00 to the streamer and 
posts a superchat message that 
reads, ‘I love your live-streams! 
Thanks for streaming’, in a live 
streaming channel
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•	 We present the first analysis and prediction of real-time virtual donations in live stream-
ing platforms. This is a significant and innovative topic as it has the potential to help 
live streaming services gain more popularity and increase profits.

•	 We propose an approach that represents live streaming chat messages and interactions 
among viewers as a continuous-time dynamic graph. We transform the superchat detec-
tion problem into a dynamic node label classification problem in the graph and intro-
duce a TDGNN model that learns temporal node representations and predicts real-time 
superchat donations.

•	 Our TDGNN model has a real-time node label updating mechanism that identifies the 
precise timing of updating node labels. This is in contrast to traditional TGNNs, where 
node information is not updated until batches are finished. By solving the dynamic 
node label classification task, our approach can predict the exact time when a superchat 
appears.

•	 We conduct experiments to demonstrate the effectiveness of our proposed approach, 
which outperforms various baseline methods, including traditional machine learning 
algorithms, time sequence models, static graph-structured models, text classification 
models, and the latest TGNN models.

We would like to note that an earlier conference version of this paper was presented at the 
25th International Conference on Discovery Science (DS’2022) (Jin et al., 2022). In that 
version, we proposed to represent chat messages and interactions among viewers as a con-
tinuous-time dynamic graph and used an existing Temporal Graph Network (TGN) model 
to solve the dynamic node label classification problem. However, this paper addresses some 
limitations of TGN, such as indiscriminate neighbor aggregation and inefficient two-step 
training, by introducing a novel TDGNN model with temporal difference aggregation and 
an end-to-end training strategy. Our experimental results show that TDGNN significantly 
outperforms TGN. Additionally, we provide additional experimental results to demonstrate 
the effectiveness of our proposed model and compare the performance of various methods.

The paper is structured as follows: Sect.  2 provides a literature review of online live 
streaming services and dynamic graph learning. Section 3 outlines the research goals of 
this study. Section  4 describes our approach for constructing dynamic graphs from live 
streaming chat data and predicting potential donations using the TDGNN model. Section 5 
presents experimental results that demonstrate the effectiveness of our proposed approach. 
Finally, Sect. 6 concludes and summarizes our findings.

2 � Related work

We represent the related work from two aspects: online live streaming service and dynamic 
graph learning.

2.1 � Online live streaming service

Online live streaming services have become increasingly popular with the advent of high-
speed internet and mobile devices. These services have led to the formation of various live 
streaming communities, which are often centered around different content genres (Hamil-
ton et al., 2014). For instance, YouTube live streamers often share their daily life and expe-
riences and are commonly referred to as ‘vloggers’ (Ladhari et al., 2020). In contrast, game 
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streaming channels are more popular on the Twitch2 platform, where viewers enjoy watch-
ing others play video games to relieve stress, pass time, and engage in common topics with 
friends (Sjöblom & Hamari, 2017).

The live streaming platform enables creators to monetize their live videos and generate 
revenue from live streaming. Streamers on most live streaming platforms, such as You-
Tube Live, Twitch, and TikTok, can generate revenue in various ways, such as receiving 
real-time gifts from fans, paid subscriptions from viewers, and ads. Ads revenue of a live 
streaming channel is generally stable and positively correlated to the number of viewers 
and followers, while the amount of real-time gifts and paid subscriptions can vary greatly 
depending on the popularity of the streamer and the generosity of their viewers. Paid sub-
scriptions and real-time gifts are also referred to as virtual donations. Virtual donation in 
live streaming is a promising topic and has attracted the attention of many researchers. 
Current research examines the reasons behind virtual donations, such as how they repre-
sent viewers’ appreciation and approval of the streamer or recognition and happiness for 
shared content (Lee et al., 2019). Paid subscriptions enable viewers to make monthly dona-
tions to support their favorite channels on a recurring or one-time basis (Yu & Jia, 2022; 
Wohn et al., 2019; Kim et al., 2019). Subscribers can gain access to some channel benefits, 
such as customized emotes and badges. Real-time gifts are special gift donations or chat 
messages associated with a particular amount of money. They are often accompanied by 
special effects and highlighted in the live streaming chatbox for a while (Zhan & Zhang, 
2023; Jin et al., 2022).

To investigate the impact of virtual donation revenue in live streaming, we check the 
revenue data of streamers from two popular live streaming platforms: Twitch and You-
Tube Live. According to a Twitch channel ranking site,3 one of the most popular streamers 
“JYNXZI” on Twitch had 59, 459 paid subscriptions and 29, 748 gift donations in April 
2023, generating more than $294, 240 USD revenue. In another hand, according to a You-
Tube channel ranking site,4 one of the most popular YouTube Live streamer “Pastor Jerry 
Eze” had 55, 358 concurrent live streaming viewers in average and 26, 757 superchat dona-
tions generating $183, 108 USD in April 2023. Assuming that the number of paid subscrib-
ers is 10% of the concurrent viewers and the monthly fee of paid subscription (member-
ship) is $5.00 USD, the revenue from paid subscription was $27, 679 USD, and the total 
revenue from virtual donation was $210, 787 USD in April 2023. The data above shows 
that both paid subscriptions and real-time gift donations are significant sources of revenue 
for streamers. Therefore, it is meaningful to conduct research on the revenue from real-time 
gift donations in live streaming, and YouTube Live is a suitable platform for this purpose. 
Some patterns of sending real-time superchat donations during live video streaming have 
been identified, such as only a small number of viewers sending a majority of the gifts, and 
viewers being motivated to send gifts after observing other viewers’ gift-giving behaviors 
(Zhu et al., 2017). Additionally, donation information is entirely public on live streaming 
channels, meaning that when viewers donate to the streamer, others will notice it. Other 
viewers tend to be affected by such noticeable actions and are likely to follow the group 
and send more donations (Payne et  al., 2017). Therefore, donations in online streaming 
services signal a group interaction and an event for viewers to interact with others. Some 
large-scale analyses of real-time virtual donations in on-demand video sites and online live 

2  https://​www.​twitch.​tv/.
3  https://​twitc​htrac​ker.​com/​jynxzi/​subsc​ribers.
4  https://​playb​oard.​co/​en/​chann​el/​UCLg4​NCAJx​hIvD4​IRV__​LOFg.

https://www.twitch.tv/
https://twitchtracker.com/jynxzi/subscribers
https://playboard.co/en/channel/UCLg4NCAJxhIvD4IRV__LOFg


	 Machine Learning

1 3

streaming platforms have been carried out in several works (Jia et al., 2021; Lu Jia et al., 
2020, 2019; Wang et al., 2019). However, those works only cover a short period of virtual 
donation activities and focus on revealing the static properties of viewers and streamers 
using naive machine learning algorithms.

2.2 � Dynamic graph learning

Graph learning has produced many successful applications (Zhou et al., 2018). The main 
challenge in graph learning is to find an appropriate method to encode the graph struc-
ture, including nodes and edges, into low-dimensional hidden embedding vectors while 
preserving the topology structure and node information. These embedding vectors can 
be utilized by machine learning models and deep learning architectures, such as random-
walk-based algorithms (Perozzi et al., 2014) and graph neural networks (Wu et al., 2019). 
Learning embedding vectors on graphs is widely recognized for graph-related downstream 
tasks, such as node classification (Kipf & Welling, 2016a), link prediction (Zhang & Chen, 
2018), community detection (Interdonato et  al., 2017), and graph classification (Zhang 
et al., 2018).

Graph Neural Networks (GNNs) have emerged as a powerful deep learning framework 
for graph learning. Among various GNNs, Graph Convolutional Network (GCN) (Kipf 
& Welling, 2016a) is one of the most widely used models that aggregates neighbor node 
information efficiently using a convolutional layer. To further improve the GNN perfor-
mance, many researchers have proposed advanced GNN models based on the GCN struc-
ture. For example, GraphSAGE (Hamilton et al., 2017) extends GCN into inductive learn-
ing that can handle unknown nodes in graphs. Graph Attention Networks (Veličković et al., 
2018) employ attention mechanisms that assign importance weights to different neighbor 
nodes. Graph Autoencoder and Variational Graph Autoencoder (Kipf & Welling, 2016b) 
are GCN-based encoder-decoder models that can handle unsupervised learning tasks. 
Moreover, ML-GCN and ML-GAT (Zangari et  al., 2021) extend the original GCN and 
GAT to multilayer networks, which can capture more complex relations among nodes in 
large-scale graphs.

Learning on dynamic graphs is much more complex than on static graphs. Initially, 
research on dynamic graphs focused on discrete-time dynamic graphs, which consist of a 
timed sequence of graph snapshots (Liben-Nowell & Kleinberg, 2007; Sankar et al., 2020; 
Gao et al., 2022). Existing static graph methods can be directly applied to each graph snap-
shot. However, most real-life graph-structured data is in a state of constant evolution. A 
more general style of dynamic graph is the continuous-time dynamic graph, which consists 
of a timed list of events, including edge creation or deletion, node creation or deletion, and 
node or edge status evolution. Recently, several studies on continuous-time dynamic graphs 
have been proposed, including JODIE (Kumar et  al., 2019), Continuous-time Dynamic 
Network Embedding (Nguyen et al., 2018), DyRep (Trivedi et al., 2019), Temporal Graph 
Networks (TGN) (Rossi et al., 2020), Temporal Graph Attention (Xu et al., 2020), Asyn-
chronous Propagation Attention Network (APAN) (Wang et al., 2021), and Meta-learning 
framework MetaDyGNN (Yang et  al., 2022). However, these continuous-time dynamic 
graph methods need two-step model training processes that require high data volume and 
long training time, causing low training efficiency. Additionally, they lack accuracy in pre-
dicting the exact timing of superchat messages because they have an update delay in model 
training and inference, rendering them impractical for our research target. A new approach 
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is needed to address these issues and predict the post time of superchat messages more 
accurately and efficiently.

3 � Problem setup

3.1 � Dataset description

We use a publicly available YouTube live streaming dataset in this study: VTuber 1B: 
Large-scale Live Chat and Moderation Events Dataset.5 VTuber 1B is a massive collection 
of over a billion live chat messages, superchats, and moderation events (ban and deletion) 
across hundreds of YouTubers’ live streams, especially for English and Japanese Streamers. 
Our research uses the chat message data from Mar. 2021 to Apr. 2021, including 377 live 
streaming channels, 5684 streaming videos, and over 58 million live chat messages. Over 
54,000 viewers posted 230,025 superchat messages. Each channel has 15.07 live-streaming 
videos that last for 8.72 h on average. There are 172.76 viewers, 10,245.84 chat messages 
posted, and 9.66 superchat donations on average in each video. The total purchase amount 
of superchat exceeds 3.4 million USD.

The dataset contains a considerable amount of superchat donations, which are catego-
rized into multiple levels based on their purchase amount. Each level is represented by a 
different color, as shown in Table 1. Higher purchase amounts allow for longer message 
length and longer highlighting time in the chatbox. In our research, we classify all the chat 
messages into significance levels regarding its donation amount, indicating whether they 
are superchat messages or not. These labels will be utilized as prediction targets in our 
proposed framework.

The dataset used in this study is based on a cluster system6 that was specifically 
designed to collect data from certain YouTube channels’ live streams via YouTube Live 

Table 1   Superchat purchase details

Purchase amount(USD) Color Max. message length Max. time 
in the 
chatbox

$ 1.00–1.99 Blue 0 characters 0 s
$ 2.00–4.99 Light blue 50 characters 0 s
$ 5.00–9.99 Green 150 characters 2 min
$ 10.00–19.99 Yellow 200 characters 5 min
$ 20.00–49.99 Orange 225 characters 10 min
$ 50.00–99.99 Magenta 250 characters 30 min
$ 100.00–199.99 Red 270 characters 1 h
$ 200.00–299.99 Red 290 characters 2 h
$ 300.00–399.99 Red 310 characters 3 h
$ 400.00–499.99 Red 330 characters 4 h
$ 500.0 Red 350 characters 5 h

5  The dataset can be downloaded from https://​www.​kaggle.​com/​datas​ets/​uetchy/​vtuber-​livec​hat.
6  https://​github.​com/​sigvt/​honey​bee.

https://www.kaggle.com/datasets/uetchy/vtuber-livechat
https://github.com/sigvt/honeybee
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streaming API. All personal information that could identify individual users, such as user-
names and profile images, has been removed from the dataset to protect their privacy. User 
IDs and channel IDs have also been anonymized using the SHA-1 hashing algorithm and 
an undisclosed salt, further ensuring user anonymity. The VTuber 1B dataset has been 
used in various research studies, including toxic chat classification, spam detection, demo-
graphic visualization, superchat analysis, and training neural language models. With over 
a billion live chat messages, superchats, and moderation events, this dataset is a valuable 
resource for researchers interested in studying online behavior and language use. By utiliz-
ing this dataset, we can gain a better understanding of how users interact with each other 
in live streaming chatrooms and develop more effective tools for moderating and managing 
online conversations.

The detailed statistics are listed in Table 2.

3.2 � Reserach problem

In YouTube Live, viewers communicate with others by sending real-time chat messages, 
which streamers can see and interact with in real-time. In this way, these chat messages 
bring viewers and streamers closer together. Some of the chat messages are superchat with 
donations. The chat messages dataset presented above raises interesting questions: Who 
sends superchat messages? When are superchat messages typically sent? Can we predict 
superchat messages? These questions can give streamers valuable insights into their core 
fans and expected donation income. Predicting superchat messages can be helpful for con-
tent creators, moderators, and platform administrators to identify and engage with their 
most valuable viewers, leading to a more engaged and loyal audience. Our research task is 
to predict when and who sends superchat messages, i.e., we hope to identify the donor as 
soon as he/she sends a superchat.

We mathematically formalize the research problem shown in Fig.  2 as follows: Con-
sider we have a history sequence of chat messages for the past period [0, T], i.e., 
M = {msgi(t)|0 ≤ t ≤ T} , where msgi(t) include the textual content, the information 
about the viewer i who sent the chat message, and the corresponding timestamp t. We also 

Table 2   Detailed dataset 
statistics

Description Value

Start time 2021–03–15 23:19:38
End time 2021–04–11 15:15:36
# Live streaming channels 377
# Live streaming videos 5684
# Live streaming viewers 981,996
# Chat messages 58,237,423
# Superchat messages 230,025
# Superchat donors 54,918
# Videos per channel 15.07
Duration (hrs.) per video 8.72
# Viewers per video 172.76
# Chat messages per video 10245.85
# Superchat messages per video 9.66
Total amount of super chats (USD) $3,466,216.61
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know which chat messages are superchats in M , i.e., D = {label(msgi(t))|0 ≤ t ≤ T} . Here 
label(msgi(t)) is a label function where label(msgi(t)) = 1 means msgi(t) is a superchat mes-
sage and label(msgi(t)) = 0 otherwise. For the prediction period [T , T + �T] , we are given 
a sequence of chat messages in a stream fashion, i.e., M∗ = {msgi(t)|T ≤ t ≤ T + �T} . 
Our aim is to learn the message label D∗ = {label(msgi(t))|T ≤ t ≤ T + �T} as soon as the 
message msgi(t) ∈ M∗ was sent. The message labels indicate the information about view-
ers who send superchat messages and the timestamp when superchat messages are posted.

4 � Methodology

In this section, we describe our proposed method for identifying real-time superchat dona-
tions in YouTube live streaming services. We have empirically observed that superchat 
messages have specific characteristics that distinguish them from regular chat messages. 
For instance, when a superchat message appears, chat messages tend to increase as the 
streamer expresses their gratitude for the donation, and other viewers respond. Moreover, 
superchat messages are often longer and crafted in a way to attract attention. Consequently, 
superchat messages tend to elicit a high number of response chat messages and have dis-
tinctive textual content. To leverage these observations, we use text content information 
and viewer interactions to identify superchat donations and its donor.

Overall, our approach consists of two main steps. Firstly, we utilize a continuous-
time dynamic graph to capture the intricate relationships among a large number of view-
ers and chat messages, which number in the millions. The graph comprises batches of 
graph actions over time, such as node creation/deletion, edge creation/deletion, and node/
edge status evolution. Nodes represent viewers, and edges represent interactions between 
them, i.e., whether two viewers have sent similar chat messages. Each node is assigned 
a dynamic node label, which changes with time. The label represents whether the viewer 
sends a superchat in a time window, i.e., if a viewer sends a superchat, its label temporarily 
changes from 0 to 1 until the time window ends. Thus, we transform the superchat message 
prediction problem into a dynamic node label classification problem in the continuous-time 
dynamic graph. Secondly, we develop a novel TDGNN model that analyzes the contin-
uous-time dynamic graph. This model continuously learns evolving node representations 
that are finally used for label classification and superchat message donor prediction.

Fig. 2   Problem description: Our objective is to predict the occurrence of superchat messages and their 
appearance timing in a given chat message stream. Given the timed sequence of chat messages during a cer-
tain period 0 ≤ t ≤ T  , our method aims to predict the viewers i who send superchat message msg

i
(t) after T 

and the corresponding time t 
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In the following, we first focus on the construction of the continuous-time dynamic 
graph. Secondly, we discuss the limitation of traditional TGNN methods and propose our 
TDGNN model. We explain how TDGNN predicts viewers who send real-time superchat 
messages and the corresponding posting time. Next, we analyze the computational com-
plexity of TDGNN and then compare its framework with existing TGNN methods. Finally, 
we elaborate on the strategies used to adapt the model for training on the imbalanced live 
streaming dataset.

4.1 � Construction of a dynamic graph

As previously mentioned, the prediction of superchat messages is based on two aspects: 
the textual content of chat messages, and the interactions between viewers. To achieve this, 
we convert the textual content of chat messages into sentence embedding vectors. Also, we 
measure the interaction between viewers by the similarity in meaning between the latest 
chat messages they post, i.e., two viewers interact with each other by sending similar chat 
messages. Specifically, we calculate the cosine similarity of two sentence embedding vec-
tors of their most recently posted chat messages.

We use a pre-trained Sentence Transformers7 (Reimers & Gurevych, 2019, 2020) lan-
guage model to encode all the chat message texts into sentence embedding vectors. Sen-
tence Transformers is a Python framework for generating state-of-the-art sentence, text, 
and image embeddings. It is commonly used in research tasks such as semantic textual 
similarity, semantic search, and paraphrase mining. Sentence Transformers has been exten-
sively evaluated for its quality in embedding sentences (Performance Sentence Embed-
dings) and embedding search queries & paragraphs (Performance Semantic Search). We 
use a pre-trained multi-lingual model named paraphrase-xlm-r-multilingual-v18 to encode 
the chat messages into sentence embedding vectors. This model generates aligned vector 
spaces, meaning that similar inputs in different languages are mapped close together in the 
vector space.

Figure 3 illustrates a test of the pre-trained model’s performance on sentence similarity. 
The embedding vectors of sentences with similar meanings have a higher sentence similar-
ity score than those with opposite meanings. Moreover, the pre-trained model can identify 
the meanings of two sentences written in different languages or even in emojis. This test 
demonstrated that the model is capable of extracting meaningful information from short 
chat messages and encoding them into sentence embedding vectors while preserving their 
meaning.

7  https://​www.​sbert.​net/.
8  https://​huggi​ngface.​co/​sente​nce-​trans​forme​rs/​parap​hrase-​xlm-r-​multi​lingu​al-​v1.

https://www.sbert.net/
https://huggingface.co/sentence-transformers/paraphrase-xlm-r-multilingual-v1
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Fig. 3   We conducted a test on the pre-trained Sentence Transformers model to measure sentence similarity. 
We used the source sentence “Thanks for streaming” and compared it with different target sentences. Sen-
tences with positive and similar meanings, such as “Nice!” and “Congratulations!” received higher similar-
ity scores of 0.366 and 0.327, respectively, whereas the sentence with a negative and opposite meaning, “I 
don’t like it”, had the lowest score of 0.184. Additionally, the model could identify the meanings of sen-
tences written in different languages or emojis. For instance, the Japanese sentence “Congratulations!” and 
the emoji “Clap hands” received almost identical similarity scores (0.345 and 0.387, respectively) as their 
English equivalents
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With the sentence embedding vectors, we construct a continuous-time dynamic graph 
that encodes viewers’ chat messages and interactions in live streaming videos. The graph 
comprises batches of graph actions over time, such as node creation/deletion, edge crea-
tion/deletion, and node/edge status evolution. Nodes represent viewers, and edges rep-
resent interactions between them, i.e., whether two viewers send similar chat messages. 
Node creation/deletion occurs when viewers enter or leave the streaming channel, while 
edge changes occur when viewers send new chat messages and interact with others. Addi-
tionally, each node is associated with a node feature vector, which is dynamically updated 
based on the sentence embedding vector of the latest chat message posted by the corre-
sponding viewer. The edge weight represents the cosine similarity of the node feature vec-
tors of the two nodes at either end, and synchronously changes everytime node feature vec-
tors are updated. The edge direction is always from the formerly updated node to the newly 
updated nodes. This ensures that new chat messages are influenced by old ones, and infor-
mation propagates from old chat messages to new ones.

Algorithm  1 outlines how to construct a dynamic graph from a timed sequence of 
chat messages by utilizing their textual content, sentence embedding vectors, viewer ID, 
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timestamps, and the dynamic label indicating whether it is a superchat message. The algo-
rithm proceeds as follows: 

1.	 The first step is to preprocess the raw chat messages. All the chat messages M are 
separated into several batches by a time window �t , and any duplicated, nonsensical, or 
too-short messages are filtered out. The SequenceMatcher() method from the Python 
library difflib9 is used to check for duplicated messages. This preprocessing step helps 
to ensure that the subsequent graph construction is based on a clean and manageable 
sequence of chat messages. (lines 1-9)

2.	 Traverse all the chat messages msgi(t) in the batch. And for each msgi(t) , check if the 
viewer i who posted it already has a node ui(t) in the graph G. If not, create a new node 
ui(t) ∈ V(t) for the viewer i. (lines 10-13)

3.	 Update the node feature vector fi(t) ∈ F(t) of the node ui(t) at time t by the sentence 
embedding vector of msgi(t) . (line 14)

4.	 Compute the cosine similarity between the newly-updated node ui(t) and each node 
uj(t

−) in the active list. Node uj(t−) is updated earlier than node ui(t) ( t− < t ). If the 
cosine similarity of node ui(t) and ui(t) is greater than the threshold �2 , a directed tem-
poral edge eji(t) ∈ E(t) is generated between the two nodes. The edge direction is from 
the previously updated node uj(t−) to the newly updated node ui(t) . The edge weight is 
equal to the value of cosine similarity between the two end nodes. (lines 15-20)

5.	 Add the newly updated node ui(t) into the active list and keep active for a time window 
�t . (line 21)

6.	 Traverse all the nodes uj(t−) in the active list and check their timestamps t− . The node 
expiring time is set equal to the time window �t . If the interval between the current 
timestamp t and t− is larger than �t , it means that the node uj(t−) is expired and will be 
removed from the active list. (lines 22-26)

7.	 Repeat step 2 to 6 until all the graph actions are visited. (line 27)

We assign a binary dynamic node label li(t) ∈ {0, 1} to each node in the dynamic graph. 
The dynamic node label, which changes with time, represents whether the viewer ui(t) has 
sent a superchat message label(msgi(t)) = 1 in the past time window �t from timestamp t:

Label li(t) = 0 indicates that the node ui(t) did not send any superchat at time t, while label 
li(t) = 1 indicates that the node ui(t) sent a superchat at time t. More precisely, if a viewer 
sends a superchat, its label temporarily changes from 0 to 1 until the time window ends. 
We hope to track the node label changes in a relatively short time window. Thus we could 
identify the viewer as soon as he/she sends a superchat message.

Figure 4 is an intuitive description of constructing a dynamic graph from chat messages. 
The input is a batch raw chat messages. Four viewers post chat messages msg1 to msg4 at 
timestamp t1 to t4 , with the first message being a superchat. Four chat messages appear in 
the same batch, and the chat messages are encoded to sentence embedding vectors emb1 to 
emb4 . Node 1 to 4 are created to represent the corresponding viewers. The node features 
are initialized by emb1 to emb4 . A dynamic node label is associated with each node to 
identify the superchat and normal messages. The blue node represents a viewer who sent 
a superchat, while the green nodes represent viewers who only sent normal chat messages. 

(1)li(t) = max({label(msgi(t
−))|t − 𝛥t < t− < t})

9  https://​docs.​python.​org/3/​libra​ry/​diffl​ib.​html.

https://docs.python.org/3/library/difflib.html
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Then we calculate the cosine similarity and generate edges for the node pairs in the active 
node list. Node 2 and node 3 have similar opinions toward node 1, while node 4 has the 
opposite. Therefore, edge e12 from node 1 to node 2, edge e23 from node 2 to node 3, and 
edge e13 from node 1 to node 3 are generated. Node 4 responds to node 1 but does not 
positively correlate to node 2 and node 3. Thus, only an edge e14 from node 1 to node 4 is 
generated.

4.2 � Limitations of traditional TGNNs

In this section, we discuss the limitations of traditional TGNNs and their potential short-
comings when applied to predicting YouTube live superchats.

Fig. 4   The diagram illustrates the process of constructing dynamic graphs from live streaming chat mes-
sages. In this example, four viewers post chat messages at timestamps t

1
 to t

4
 in the same batch, with the 

first message being a superchat. We create nodes 1 to 4 for each viewer and initialize their feature vectors 
using the sentence embedding vector of the chat message they posted. Next, we compute the cosine similar-
ity between each pair of nodes and generate edges for node pairs with high similarity. The blue node rep-
resents a viewer who sent a superchat, while the green nodes represent viewers who only sent regular chat 
messages
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TGNNs are designed for learning temporal node embeddings in dynamic graphs. Many 
existing TGNNs update the temporal node embedding by indiscriminate neighbor aggre-
gation and timestamp information (Rossi et al., 2020; Wang et al., 2021; Xu et al., 2020). 
Moreover, once the model is successfully trained, it can be flexibly modified for different 
downstream tasks.

However, there are limitations to existing TGNNs that need to be addressed:

•	 Existing TGNNs require a two-step training process: First, training the model param-
eters, and then training the decoders for downstream tasks. This approach requires high 
data volume and results in low training efficiency.

•	 The existing TGNNs focus on indiscriminate neighbor aggregation, which updates the 
central node embedding by collecting information from neighboring nodes. However, 
predicting node status in the next time window requires knowing in advance the direc-
tion and rate of information propagation. This means that more information is needed 
beyond just collecting information from neighboring nodes.

•	 In the specific task of predicting superchat messages, it is necessary to predict the exact 
time when these messages are posted. However, existing TGNNs only update node 
labels after training batches are finished, resulting in a update time delay in the node 
label prediction task.

The prediction of superchat messages and their post time is a challenging task, and existing 
TGNNs need to be more efficient and accurate in this regard. A new approach is needed to 
tackle the problem of predicting dynamic node labels in continuous-time dynamic graphs 
more intelligently.

4.3 � Temporal difference graph neural network (TDGNN)

To address the gaps mentioned above, we introduce an end-to-end, meticulously designed 
TDGNN model that predicts dynamic node labels in continuous-time dynamic graphs. The 
primary objective of TDGNN is to learn temporal node embedding vectors that encapsu-
late node features and neighborhood node information. The term temporal difference here 
implies that TDGNN’s focus is on the difference between the node and its adjacent node 
embeddings over time. The temporal difference between two adjacent nodes represents the 
‘gradient’, indicating the direction and rate of information propagation. When a graph event 
occurs, TDGNN calculates the amount of information change on adjacent nodes based on 
the product of temporal difference and updated node features.

The generated dynamic graph is denoted as G = (V(t),E(t),F(t) ∣ t ∈ T) , where t ∈ T 
represents the timestamp. ui(t) ∈ V(t) and uj(t) ∈ V(t) represent the temporal nodes at 
timestamp t, while eij(t) ∈ E(t) ⊂ V(t) × V(t) is the directed temporal edge from node ui(t) 
to node uj(t) at timestamp t. The temporal edge weight is computed as the cosine similarity 
of two node embedding vectors. Each node ui(t) ∈ V(t) is associated with a node feature 
fi(t) ∈ F(t) and a temporal node label li(t) ∈ L(t) . L(t) is the set of dynamic node labels for 
all graph actions in G , and graph actions update the node feature fi(t) and node labels li(t) 
continuously.

We split timestamps T into three sets: a training set Ttrain , a validation set Tval , and a 
test set Ttest . Our research objective can be formalized as follows: Given a period of 
continuous-time dynamic graph G = (V(t),E(t),F(t) ∣ t ∈ Ttrain ∪ Tval) and a portion of 
known dynamic node labels (L(t) ∣ t ∈ Ttrain ∪ Tval) , we aim to learn a mapping function 
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F ∶ G = (V(t),E(t),F(t) ∣ t ∈ Ttest) → (L(t) ∣ t ∈ Ttest) to predict the remaining dynamic 
node labels (L(t) ∣ t ∈ Ttest).

The proposed TDGNN framework is illustrated in Fig. 5. It consists of three main com-
ponents: a temporal difference module, a multi-head attention encoder, and an ensembled 
Multi-Layer Perceptron (MLP) decoder. The temporal difference module captures the dif-
ference between the node and adjacent node embeddings over time. After the graph inter-
actions occur, the temporal difference and the updated node features are passed to the 
multi-head attention encoder to update the node embeddings. The updated node embed-
dings are then fed to the ensemble MLP decoder to compute the probabilities of predicted 
node labels. This work addresses the real-time dynamic node label prediction task, where 
node labels change over time, in contrast to traditional node label classification, where 
node labels are static and constant.

The detailed steps are introduced as follows:

4.3.1 � Temporal difference aggregation

We define the temporal difference of node ui at time t as:

where Ni = {un(t) ∣ eni(t) ∈ E} denotes the set of neighbor nodes of ui(t) , and eni(t) 
denotes the edge weight.

The concept of temporal difference is crucial in understanding the direction and rate of 
information propagation in a directed graph. In the case of our proposed model, the node 
embedding difference serves as the ‘gradient’ of information propagation from all neigh-
boring nodes at time t, while the edge weight indicates the strength of the connection. In 
essence, �ui(t) represents the total amount of information propagated on node ui from all 
its neighbor nodes at time t. To illustrate this point, consider the example shown in Fig. 6, 
where node u1 passes information to its three connected neighbors, namely nodes u2 , u3 , 
and u4 . In this scenario, �u1 is the amount of information that is passed on to these nodes.

4.3.2 � Attention encoder

The TDGNN model updates node embeddings by utilizing both temporal difference aggre-
gation and updated node features. Inspired by the Fundamental theorem of calculus, tem-
poral difference acts as a gradient’ in node information propagation, while the updated 

(2)�ui(t) =
∑

n∈Ni

(
un(t) − ui(t)

)
⋅ eni(t),

Fig. 5   Overview of the proposed temporal difference graph neural network (TDGNN)
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node feature plays the role of step size’. The TDGNN calculates the product of temporal 
difference and the updated node features, which represents the total amount of informa-
tion change. It then adds the result to the old node embeddings to compute the new node 
embeddings. The complete procedure is shown in the following equation:

where � represents a function that computes the change in the value of updated node fea-
ture fi(t) regarding the node ui . The multi-head attention module is an efficient mechanism 
to combine the temporal difference and node features. The attention layer works by com-
puting the dot product of a query vector with a set of key vectors, resulting in a weight 
vector that assigns importance scores to the values. The mechanism is defined as follows:

where �ts denotes the time interval since last update, [⋅‖⋅] represents the concatenation of 
matrices, and WQ,WK ,WV ,WK are training parameters. As shown in Fig. 7, the node fea-
ture vector is fed into the matrix Q , while the temporal difference vector is fed into matrices 
K and V . To incorporate the time order of node updates, a time encoder is used to encode 
the time information into vectors that are also fed into the multi-head attention layer. This 
allows the attention mechanism to take into account both the node features and the tempo-
ral difference information at each time step, as well as the time order of the updates.

(3)ui(t + 1) = ui(t) + �
(
�ui(t), fi(t)

)
,

(4)Attn(Q,K,V) = softmax

�
QKT

√
d

�
V

(5)Q =
�
fi(t)‖�ts

�
WQ

(6)K =
�
�ui(t)‖�ts

�
WK ,V =

�
�ui(t)‖�ts

�
WV

(7)headi = Attn
(
Qi,Ki,Vi

)

(8)MultiHead(Q,K,V) =[head1‖head2‖⋯]W,

Fig. 6   Compute the temporal difference in a directed graph. Temporal difference �u represents the informa-
tion difference between node u and the surrounding neighbor nodes, indicating the amount of information 
propagation in dynamic graphs
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Finally, the output of the multi-head attention encoder is concatenated with the old node 
embeddings:

A normalization layer is set here to limit the mean and variance of the obtained node 
embeddings.

4.3.3 � Ensemble MLP decoder

Node embeddings can be used for various downstream tasks. In this work, an ensemble 
MLP decoder is used to solve the real-time node label prediction task. Ensemble learning 
techniques are effective for imbalanced data (Galar et al., 2011). They combine the results 
from several classifiers to improve the performance of a single classifier by reducing the 
variance of results. On the other hand, single classifiers are easily affected by the imbal-
anced dataset and tend to skew towards the majority classes, resulting in poorer perfor-
mance on the minority classes. The ensemble MLP decoder is composed of multiple indi-
vidual MLPs. Each MLP maps the learned node embedding ui(t) to the probability of node 
labels. The sum of all MLP outputs is then fed to a softmax function to assign a predicted 
node label probability ŷi(t).

Finally, we use a Binary Cross Entropy Loss function to train the TDGNN model.

(9)ui(t + 1) = ui(t) + �
(
�ui(t), fi(t)

)

(10)= ui(t) +MultiHead(Q,K,V)

(11)ŷi(t) = Softmax

(
1

N

∑

N

MLP
(
ui(t)

)
)

Fig. 7   A multi-head attention module that calculates the new temporal node embedding u
i
(t + 1) accord-

ing to the relativity between the last updated embedding u
i
(t) , temporal difference of neighbor nodes, and 

newly-updated node features
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where ŷi is the predicted node label probability and li ∈ L is the true node label.

4.4 � Computational complexity

We analyze the computational complexity of the Temporal Difference Aggregation, Multi-
head Attention Encoder, and Ensemble MLP decoders. With regard to Eqs.(2), (4)∼(8), 
(11), the complexity is dominated by matrix multiplication. We assume that the number 
of edges(graph actions) is N, and the node embedding V(t) and node features F(t) have the 
same dimension D for the hidden units. The complexity of Temporal Difference Aggre-
gation is O(ND) . The complexity of the Multi-head Attention Encoder is O(N2D + ND2) . 
The complexity of Ensemble MLP decoders is O(ND) . Therefore, the total complexity of 
TDGNN is O(ND) +O(N2D + ND2) +O(ND) = O(ND(N + D + 2)) = O(ND(N + D)).

Considering real-time computation, we must process the input graph actions in batches 
within a certain time window. We assume that all the batches have the same size K, and 
then the total number of batches is N/K. In this case, the total complexity of TDGNN is 
O((N∕K) × (KD(K + D))) = O(ND(K + D)) . Since K is much smaller than N, the com-
plexity in the real-time computation case is smaller than in the normal computation case. 
The complexity analysis above demonstrates that our framework works more efficiently in 
the case of real-time computation.

4.5 � TDGNN vs. TGNNs

Table 3 compares the structural distinctions between our TDGNN model and three state-
of-the-art TGNNs: TGAT (Xu et al., 2020), TGN (Rossi et al., 2020), APAN (Wang et al., 
2021), and MetaDyGNN (Yang et al., 2022). TGNNs have similar indiscriminate neigh-
bor aggregators associated with their respective modules: Self-attention, Memory & mes-
sage aggregator, Asynchronous mail propagator, and hierarchically adaptive Meta-learner. 
TGAT, TGN, and APAN all use a Multi-head attention layer as the encoder and an MLP as 
the classifier. Additionally, they all require two-step training: training the model parameters 
first, and then training the decoder parameters for specific downstream tasks. MetaDyGNN 
is comparably a more lightweight framework since it develops a novel hierarchically adap-
tive meta-learner, and does not use the multi-head attention encoder and two-step training. 
On the other hand, the proposed TDGNN model has a temporal difference aggregator and 
an ensembled MLP classifier, and it is trained end-to-end. The proposed TDGNN model 

(12)BCELoss(ŷi, li) = −
(
li ⋅ log(ŷi) + (1 − li) ⋅ log(1 − ŷi)

)
,

Table 3   Structure distinction among TGNNs

Aggregator Encoder Classifier Training

TGAT​ Self-attention Multi-head attention MLP Two-step
TGN Memory & message aggregator Multi-head attention MLP Two-step
APAN Asynchronous mail propagator Multi-head attention MLP Two-step
MetaDyGNN Hierarchically adaptive Meta-

Learner
Attention mechanism MLP End-to-end

TDGNN Temporal difference aggregation Multi-head attention Ensembled MLPs End-to-end
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addresses the limitations of existing TGNNs mentioned in Sect.  4.2 from the following 
aspects: 

1.	 TDGNN is an end-to-end model that only needs to be trained once. It is more efficient 
and convenient than those TGNNs that require two-step training.

2.	 The temporal difference module computes both the direction and rate of information 
propagation, which is significant for predicting temporal node embeddings in the future.

3.	 TDGNN updates temporal node labels in real-time during the training batches, enabling 
the prediction of dynamic node labels and the time at which they were changed. In 
contrast, TGNNs update temporal nodes after the training batch is finished, causing a 
delay in predicting temporal information.

4.6 � Strategies for data imbalance

The superchat donations only make up a small fraction of all the chat messages in the live 
stream, resulting in a highly imbalanced dataset that confuses the model and leads to poor 
performance. To address this issue, we employ the following strategies to mitigate the neg-
ative impact of data imbalance. In Sect. 5.6, we present experimental results that demon-
strate how these strategies affect the imbalance ratio and model performance.

4.6.1 � Filtering on original data

We have refined the dataset by removing duplicated and meaningless chat messages, as 
well as filtering out messages that are too short. To do this, we first removed punctuation 
marks, numbers, and exceptional control characters from the chat messages. We then fil-
tered out messages with fewer than 5 characters. Finally, we used the Python library difflib 
to check for duplicate messages that appear within a certain time window. As a result of 
this filtering process, 1.6% of the non-superchat samples in the dataset were removed.

4.6.2 � Tuning on graph generation

We controlled the number of dynamic edges and further the proportion of positive samples 
by adjusting the cosine similarity threshold �2 in Algorithm 1. A higher �2 generates fewer 
edges, and a lower �2 generates more edges. Specifically, we set �2 as cos (�∕12) . Addition-
ally, we tested two other values of �2 , namely cos (�∕6) and cos (�∕3) , and evaluated their 
impact on the model performance.

4.6.3 � Undersampling on training samples

We employed an under-sampling strategy to address the imbalance between positive and 
negative samples in our dataset. We kept all the data in the minority class and reduced the 
size of the majority class during model training. This approach corrected the imbalanced 
data and reduced the risk of skewing towards the majority class. We tested various under-
sampling ratios of the two classes in our experiments and ultimately set the ratio as 1 : 1.
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4.6.4 � Cost‑sensitive loss function

We apply a cost-sensitive learning method to self-adjust the penalty factor in the loss 
function during model training. Most machine learning algorithms assume that all mis-
classification errors made by a model are equal. This is often not the case for imbalanced 
classification problems where missing a minority class case is worse than incorrectly 
classifying an example from the majority class. Cost-sensitive learning is a subfield of 
machine learning that takes the costs of prediction errors into account when training a 
machine learning model (Elkan, 2001). In cost-sensitive learning, instead of each sam-
ple being either correctly or incorrectly classified, each class is given a misclassification 
cost. Thus, instead of trying to optimize the accuracy, the problem is then to minimize 
the total misclassification cost.

Specifically, we set a cost matrix that assigns a cost to each cell in the confusion 
matrix. Table 4 shows the cost matrix we used, where C(, ) denotes the cost of predict-
ing one class when the actual class is another. The acronyms of each cell from the con-
fusion matrix are also listed (e.g., False Positive is FP).

This work defines costs based on the inverse class distribution, assuming a minority-
to-majority class ratio of 1 : N in the dataset. We invert this ratio to obtain the cost of 
misclassification errors, where the cost of a False Negative C(0, 1) is N, and the cost of 
a False Positive C(1, 0) is 1. The cost of True Negative C(0, 0) and True Positive C(1, 1) 
are set as 0 since they are correctly predicted. Therefore, the total cost of a classifier 
is defined as the cost-weighted sum of False Negatives and False Positives using this 
framework:

5 � Experiments

We conducted experiments on the task of predicting dynamic node labels. First, we 
explain the setup of experiments and baselines used in our study. Then, we evaluate 
the experimental results and model performance. Finally, we discuss additional factors 
such as training time, time delay in real-time prediction, effect of imbalance strategies, 
parameter sensitivity, and node embedding visualization.

(13)Total_cost = C(0, 1) ∗ FN + C(1, 0) ∗ FP + C(0, 0) ∗ TN + C(1, 1) ∗ TP

(14)= N ∗ FN + 1 ∗ FP

Table 4   Cost matrix Actual negative Actual positive

Predicted negative C(0, 0), TN C(0, 1), FN
Predicted positive C(1, 0), FP C(1, 1), TP
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5.1 � Setup of the experiment

We prepared three continuous-time dynamic graphs from the dataset mentioned in 
Sec. 3.1. The detailed statistics are listed in Table 5. The three graphs represent videos 
of different lengths: the Short dataset contains chat messages in an 8-hour live stream-
ing video, the Mid dataset contains chat messages in a 47-hour video compilation of a 
week, and the Long dataset contains chat messages in a 78-hour video compilation of two 
weeks. The model training is customized for each streamer to optimize prediction per-
formance. However, it is worth noting that the ratios of positive labels are minimal in all 
three dynamic graphs as superchat messages only represent a minor portion of all chat 
messages in real-world scenarios. Therefore, the experiments will be conducted on an 
imbalanced dataset. We split the chat messages in the dataset into training, validation, and 
test sets based on the time order. The first 50%∕70%∕90% of chat messages are used as the 
training set, and the remaining messages are equally divided into validation and test sets.

Our model processes the chat messages into batches based on the time window. Within 
each time window, the chat messages (represented as updated node features) and node 
interactions (represented as edges) are included as a sequence of graph actions. All these 
sequences are then fed into our model to predict the dynamic node labels (when and who 
sends superchat). The model updates the involved node status and edges based on the graph 
action sequence and provides predictions on the changes in dynamic node labels.

We fine-tune the common model hyperparameters, such as learning rate, batch size, 
and drop-out rate, by manual search. Also we conduct parameter sensitivity experiments 
for some special hyperparameters in TDGNN by grid search, which will be introduced in 
Sect. 5.6 and Sect. 5.7. The model is trained using the Adam optimizer with a learning rate 
of 0.0001, a batch size of 5, 000 for training, validation, and testing, and a dropout rate of 
0.2. We set the number of attention heads to 2. For the ensembled MLP decoders, we use 
a three-layer linear neural network with hidden sizes of 64 and 10. The training process is 
limited to a maximum of 20 iterations. Furthermore, if the validation loss does not improve 
for five consecutive iterations, training will be stopped early.

The node embedding dimension and node feature dimension are set to 128. The number 
of maximum neighbor sampling is 10, and the number of ensembled MLP decoders is 15 
for all three datasets in default. We will test the parameter sensitivity in the following exper-
iments and prove that our proposed model results are not sensitive to hyperparameters.

5.2 � Baselines

We consider traditional decision tree methods, sequence-based models, static graph repre-
sentation learning methods, NLP text classification methods, and TGNNs as baselines, as 
listed below. 

Table 5   Statistics of the live 
streaming dynamic graphs

Dataset length Short Mid Long

Durations (hrs.) 8.61 47.22 78.49
# Nodes 6,225 28,582 41,156
# Edges 1,660,813 9,498,600 15,097,110
# Positive labels 105,207 258,079 525,964
% Positive labels 6.3% 2.7% 3.4%
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	 1.	 GBDT A Gradient Boost Decision Tree (GBDT) classifier from the scikit-learn toolkit.
	 2.	 XGBoost An ensemble gradient boosting decision tree model from XGBosst library.
	 3.	 LSTM-FCN (Karim et al., 2018) A time sequence model combining long short-term 

memory (LSTM) networks and a fully convolutional network (FCN).
	 4.	 ALSTM-FCN (Karim et al., 2018) An alternative LSTM-FCN with attention layers 

following the LSTM cells.
	 5.	 GCN (Kipf & Welling, 2016a) Graph Convolutional Networks (GCN) on static graphs.
	 6.	 GAT​ (Veličković et al., 2018) Graph Atention Networks (GAT) on static graphs.
	 7.	 BERT (Devlin et al., 2018) Bidirectional Encoder Representations from Transformers 

(BERT) is a transformer-based model for NLP pre-training.
	 8.	 TGAT​ (Xu et al., 2020) A temporal graph attention structure to aggregate temporal-

topological neighborhood features and to learn the time-feature interactions.
	 9.	 APAN (Wang et al., 2021) An asynchronous continuous time dynamic graph algorithm 

for real-time temporal graph embedding.
	10.	 TGN (Rossi et al., 2020) A generic, efficient neural network framework for deep learn-

ing specialized in continuous-time dynamic graphs.
	11.	 MetaDyGNN (Yang et al., 2022) A meta-learning framework for few-shot scenarios 

in dynamic networks.

Table  6 demonstrates the input information required by each baseline method. We 
keep the default parameter settings in respective methods during training and testing. The 
detailed experimental settings of baselines are as follows: 

1.	 The gradient boosting algorithms (GBDT and XGBoost) receive every individual sen-
tence embedding vector of chat messages and generate a predicted label indicating 

Table 6   Input information required by the baselines

Chat mes-
sages texts

Graph struc-
ture

Temporal 
information

Gradient boosting algorithms GBDT ✓ × ×

XGBoost ✓ × ×

Time sequence model LSTM-FCN ✓ × ✓

ALSTM-FCN ✓ × ✓

Static graph methods GCN ✓ ✓ ×

GAT​ ✓ ✓ ×

NLP BERT ✓ × ×

Dynamic graph methods TGAT​ ✓ ✓ ✓

APAN ✓ ✓ ✓

TGN ✓ ✓ ✓

MetaDyGNN ✓ ✓ ✓

Proposed methods TDGNN ✓ ✓ ✓
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whether the corresponding chat message is a superchat. The implementation of these 
algorithms is based on scikit-learn10 and XGBoost.11

2.	 The time sequence models (LSTM-FCN and ALSTM-FCN) achieved state-of-the-art 
performance on the task of time sequence classification. We first separate the sequences 
of sentence embeddings over time for each viewer and then feed these sequences to the 
models. The models generate a sequence of hidden state embeddings for each viewer, 
which are then used to predict the labels of chat messages. The implementation of these 
models refers to the GitHub repository LSTM-FCN.12

3.	 The static graph methods (GCN and GAT) are commonly used to model graph-struc-
tured real-world entities. We built static graphs to represent viewer relations based on the 
continuously-time dynamic graphs generated in Sect. 4.1. The nodes represent viewers, 
and the edge weights represent the frequency of edge changes in the dynamic graphs. 
The implementation is based on the GitHub repositories PyGCN13 and GAT.14

4.	 BERT is a transformer-based machine learning technique for NLP pre-training. We 
exploit a Japanese BERT pretrained model to encode the chat messages and integrate 
them as long paragraphs for each viewer. The BERT for sequence classification model 
provided by Huggingface15 is used to process the long paragraphs and predict the 
appearance of superchats.

Table 7   AUC scores for predicting the real-time node labels

The best scores are given in bold

Model Training set ratio

50% 70% 90%

Short Mid Long Short Mid Long Short Mid Long

GBDT 0.500 0.472 0.500 0.552 0.469 0.515 0.489 0.458 0.472
XGBoost 0.500 0.509 0.500 0.553 0.495 0.518 0.513 0.462 0.499
LSTM-FCN 0.468 0.505 0.507 0.497 0.499 0.506 0.431 0.499 0.500
ALSTM-FCN 0.485 0.505 0.508 0.499 0.499 0.499 0.500 0.501 0.472
GCN 0.500 0.499 0.499 0.500 0.499 0.499 0.500 0.499 0.499
GAT​ 0.510 0.510 0.510 0.531 0.531 0.531 0.548 0.548 0.548
BERT 0.630 0.560 0.580 0.570 0.570 0.590 0.620 0.540 0.670
TGAT​ 0.562 0.655 0.649 0.581 0.739 0.672 0.609 0.785 0.686
APAN 0.493 0.604 0.664 0.484 0.599 0.654 0.553 0.626 0.641
TGN 0.654 0.610 0.784 0.620 0.610 0.795 0.520 0.854 0.902
MetaDyGNN 0.616 0.671 0.673 0.624 0.689 0.684 0.771 0.746 0.695
TDGNN 0.765 0.738 0.799 0.679 0.765 0.805 0.805 0.884 0.916
TDGNN w/o Diff 0.708 0.572 0.688 0.599 0.621 0.653 0.628 0.834 0.830

13  https://​github.​com/​tkipf/​pygcn.
14  https://​github.​com/​psh15​0204/​GAT.
15  https://​huggi​ngface.​co/​cl-​tohoku/​bert-​base-​japan​ese

12  https://​github.​com/​titu1​994/​LSTM-​FCN.

11  https://​xgboo​st.​readt​hedocs.​io/​en/​stable/.

10  https://​scikit-​learn.​org/.

https://github.com/tkipf/pygcn
https://github.com/psh150204/GAT.
https://huggingface.co/cl-tohoku/bert-base-japanese
https://github.com/titu1994/LSTM-FCN
https://xgboost.readthedocs.io/en/stable/
https://scikit-learn.org/
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5.	 The dynamic graph neural networks (TGAT, APAN, TGN, and MetaDyGNN) use the 
same inputs and hyper-parameters as the proposed TDGNN. The implementation refers 
to the GitHub repositories TGAT,16 APAN,17 TGN,18 and MetaDyGNN.19

5.3 � Evaluation

Table  7 presents the experimental results of both the TDGNN model and the baselines. 
We evaluated the performance in terms of the Area under the ROC Curve (AUC) score, 
which measures the model’s prediction quality, regardless of the classification threshold 
and how the datasets are imbalanced. Our proposed model shows the best overall perfor-
mance, achieving the highest AUC scores on all three datasets and all training set ratios, 
which are marked in bold in the table. We attribute the excellent performance of TDGNN 
to the deliberately designed continuous-time dynamic graph that considers continuously 
changing edges and frequently updated node embeddings. We analyzed the performance of 
the baselines and inferred the reasons for their respective performances as follows: 

1.	 The gradient boosting algorithms (GBDT and XGBoost) only consider the sentence 
embeddings of chat messages. However, as the textual content of superchat messages 
is not distinct from normal chat messages, their performance suffers a loss ranging from 
0.126 to 0.444 compared to TDGNN.

2.	 The time sequence models (LSTM-FCN and ALSTM-FCN) receive the sequence of 
sentence vectors and generate a sequence of hidden state embeddings for each viewer. 
However, as a majority of viewers never send superchat messages, the sequences of 
those viewers cannot provide efficient training, resulting in a performance drop ranging 
from 0.182 to 0.416 compared to TDGNN.

3.	 The static graph methods (GCN and GAT) are good at exploiting graph structure 
information and edge interactions among nodes. However, static graph models are not 
designed to fit temporal data, and each node only stores one sentence embedding, lead-
ing to the loss of much temporal and chat message information. The experimental results 
indicate a performance decline between 0.179 to 0.368 compared to TDGNN.

4.	 The BERT model is not designed to capture temporal information, and it only stores 
the all-time sentence embeddings of chat messages, without considering graph struc-
ture information. As a result, it exhibits a performance decline between 0.109 to 0.246 
compared to TDGNN.

5.	 Although dynamic graph neural networks (TGAT, APAN, TGN, and MetaDyGNN) 
are designed for continuous-time dynamic graphs, the performance of these models 
depends on their underlying architectures and their ability to capture both temporal and 
graph structure information effectively. TDGNN outperforms TGAT, APAN, TGN, and 
MetaDyGNN with a performance gain between 0.026 to 0.285, which can be attributed 
to the distinctive architecture of TDGNN as explained in Sect. 4.5.

16  https://​github.​com/​Stats​DLMat​hsRec​omSys/​Induc​tive-​repre​senta​tion-​learn​ing-​on-​tempo​ral-​graphs.
17  https://​github.​com/​WangX​uhong​CN/​APAN.
18  https://​github.​com/​twitt​er-​resea​rch/​tgn
19  https://​github.​com/​BUPT-​GAMMA/​MetaD​yGNN.

https://github.com/StatsDLMathsRecomSys/Inductive-representation-learning-on-temporal-graphs
https://github.com/WangXuhongCN/APAN
https://github.com/twitter-research/tgn.
https://github.com/BUPT-GAMMA/MetaDyGNN
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In addition, we conducted an experiment to verify the contribution of the temporal differ-
ence module in the TDGNN model. We tested the TDGNN model by replacing the tempo-
ral difference module with the raw aggregated neighbor node embeddings, and the results 
are presented in the table as TGDNN w/o Diff. The TGDNN w/o Diff model showed a per-
formance drop ranging from 0.040 to 0.177 compared to TDGNN. The results indicate that 
the temporal difference module plays a crucial role in the TDGNN model and its omission 
can notably hinder the performance.

5.4 � Training Time

In this section, we compare the training time of our proposed model with that of other 
baselines, particularly the three TGNN baselines: TGAT, APAN, TGN, and MetaDyGNN. 
Given that our proposed model needs to process real-time live streaming chat messages 
and predict potential superchat donors as soon as possible, it is crucial to be highly time-
efficient. To evaluate the training time, we ran the models on three live streaming dynamic 
graphs using an Intel Xeon Platinum 8360Y CPU (9 cores, 2.40GHz) and an NVIDIA 
A100 for NVLink 40GiB HBM2 GPU.

Figure  8 demonstrate the training time (seconds) per each epoch on the three live 
streaming dynamic graph datasets. We compute the total training time of TGN, TGAT, 
APAN, and MetaDyGNN, including the model parameter and decoder training. TDGNN 
has close time efficiency to TGN. Training the TGN model takes longer than the TDGNN 
model for both short and long datasets, while the TDGNN model takes longer to train for 
the mid dataset. The TGAT model takes less time to train than both the TDGNN and TGN 
models, and the APAN and MetaDyGNN models take the least training time out of all the 
models.

We believe that the time efficiency of these models is largely dependent on their respec-
tive structures. TGAT is a classic TGNN structure that utilizes a neighbor node aggregation 
module and a multi-head attention encoder. TGN, on the other hand, improves upon TGAT 
by adding a memory module to update temporal node embeddings. However, this extra 
component requires more training time. APAN implements an asynchronous propagation 

Fig. 8   Training time (seconds) per epoch in three dynamic graph datasets
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mechanism that greatly reduces training time. MetaDyGNN also performs less training 
time for its lightweight framework. As a result, our proposed TDGNN model achieves 
the best AUC score and has training time that is comparable to TGN. Additionally, since 
TDGNN is an end-to-end structure that only needs to be trained once, it is more conveni-
ent than other TGNN baselines. Additionally, it is worth noting that TDGNN without the 
temporal difference module (TDGNN w/o diff) takes considerably less time than TDGNN. 
This indicates that the temporal difference module is the primary factor that significantly 
increases the training time.

5.5 � Time delay when updating node status

In the temporal node prediction task, the node status (e.g., node embeddings, node labels) 
is constantly evolving in continuous-time dynamic graphs. As shown in Fig.  9, TGN, 
TGAT, and APAN process the graph actions in batches, which may result in some delay in 
training and inference. This delay can lead to a situation where a node’s status has changed 
in the real world, but the change was not reflected in the models until the batch process-
ing was completed. We refer to this delay as the update time delay. The update time delay 
can significantly affect the timeliness and freshness of the predicted results, especially in 
constantly evolving situations. If the delay is too long, the predicted results may become 
irrelevant as the target node status would have changed. Moreover, the outdated node status 
can negatively impact the model training. Our research target is to identify the exact timing 

Fig. 9   The update time delay in previous TGNNs. Node status updated during batch process are reflected 
until the batches are finished, thus resulting in an update time delay

Fig. 10   The zero update time delay in TDGNN. TDGNN have a real-time node status update mechanism 
that can update node information during batch process
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when node labels change and predict the exact timing when superchats are posted. There-
fore, it is critical to minimize the update time delay during model training and inference to 
achieve accurate predictions that are sensitive to time.

To mitigate the impact of update time delay, the proposed TDGNN model is equipped 
with a real-time node status updating mechanism that allows for the simultaneous updating 
of node status during training batches, as illustrated in Fig. 10. Unlike TGN, TGAT, and 
APAN, which are constrained by the batch size, TDGNN can update node status as soon 
as it changes, regardless of batch size limitations. As a result, TDGNN can provide more 
timely predictions for predicting the timing of superchat messages.

Table  8 shows the average update time delay (in seconds) and AUC performance of 
TGNNs with different batch sizes. Unlike TGN, TGAT, APAN. and MetaDyGNN, 
TDGNN has a real-time updating mechanism, and thus has zero update time delay, regard-
less of batch size. However, zero update time delay only means that node status in batches 
is updated as soon as the node changes in the real world, and does not necessarily imply 
that the predicted results given by TDGNN have zero error. In fact, out-of-memory errors 
can occur when the batch size is too large, presumably due to the high computational cost 
associated with the real-time node status updating mechanism for large-scale batches.

The update time delays in TGN and TGAT are almost directly proportional to the batch 
sizes, while the AUC scores do not fluctuate significantly. In contrast, APAN trains the 
model asynchronously, and the update time delay is less affected by batch sizes. Meta-
DyGNN has a hierarchical structure and thus sensitive to the batch size. Small increase 
in batch size will cause large extra demand in GPU memory and tend to suffer from 
OOM(Out-of-Memory) problem. However, the AUC scores decrease significantly as batch 
sizes increase. Notably, TGN and TDGNN perform poorly in terms of AUC scores when 
batch sizes are too small, likely due to the imbalanced dataset. When the batch size is too 
small, there may be only a few positive samples or even no positive samples in the batches, 
causing the model to produce identical prediction results for all samples, which results in 
low training efficiency. TDGNN performs better than TGN in this scenario, thanks to sev-
eral strategies employed to alleviate the influence of imbalanced datasets.

In summary, our study highlights the trade-off between model performance and update 
time delay in the temporal node prediction task. While large batch sizes require signifi-
cant computational resources, small batch sizes result in poor performance, particularly 
in imbalanced datasets. Our approach strikes a balance between the two factors by using a 
batch size of 5,000, enabling us to achieve high performance while maintaining low update 
time delay. Our findings have implications for other similar tasks, where researchers need 
to carefully weigh the costs and benefits of different model architectures and batch sizes to 
optimize both performance and efficiency.

5.6 � Effect of the strategies for data imbalance

In this section, we discuss the effects of the strategies for addressing data imbalance that 
were mentioned in Sect.  4.6. Specifically, we test how the cosine similarity threshold, 
undersampling ratios, and cost-sensitive loss function impact both the data imbalance and 
the model performance. The experiment is conducted on the mid dataset, with a training 
set ratio of 90%.

The cosine similarity thresholds �2 have an impact on the number of dynamic edges 
and further the proportion of positive samples in the dataset. We tested three values 
of �2 : cos (�∕3) , cos (�∕6) , and cos (�∕12) . With �2 = cos (�∕3) , we obtained 840,732 
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positive samples out of a total of 8,129,340 samples, resulting in an imbalance ratio of 
10.3% . With �2 = cos (�∕6) , we obtained 271,925 positive samples out of 11,176,545 
samples, resulting in an imbalance ratio of 2.4% . Finally, with �2 = cos (�∕12) , we 
obtained 258,079 positive samples out of 9,498,600 samples, resulting in an imbalance 
ratio of 2.7%.

The undersampling ratio refers to the ratio between the majority and minority classes in 
training batches, and it reduces the risk of the model predicting results that skew towards 
the majority class. We test three different undersampling ratios: 1 : 1, 3 : 1, and 5 : 1. Addi-
tionally, we also test the model’s performance without using any undersampling strategy, 
which means that the default imbalance ratio of the original dataset is maintained.

The cost-sensitive loss function adjusts the penalty factor in the loss function dur-
ing model training. We use the BCEWithLogitsLoss as the loss function, and the cost 
of positive samples is dynamically adjusted based on the ratio of negative samples to 
positive samples in each training batch. Specifically, when we use undersampling and 
set the undersampling ratio to 1 : 1, the cost-sensitive loss function is equivalent to the 
BCELoss function.

Table  9 shows the test results of the strategies for addressing data imbalance. 
Among the three datasets with different cosine similarity thresholds �2 , the dataset with 
�2 = cos (�∕12) achieved the best overall performance. This may be due to the fact that 
a high threshold for generating dynamic edges ensures the quality of positive samples 
in the dataset. The dataset with �2 = cos (�∕6) had the lowest imbalance ratio, while 
the dataset with �2 = cos (�∕3) had the highest imbalance ratio but the lowest quality of 
positive samples, resulting in poorer performance than the dataset with �2 = cos (�∕12).

Regarding the undersampling strategy, the best results were obtained with an under-
sampling ratio of 1  :  1, which is highlighted in bold in the table. As the undersam-
pling ratio increased, the performance gradually decreased, with the worst result being 
obtained without the undersampling strategy.

In terms of the use of a cost-sensitive loss function, the results were the same as with 
an undersampling ratio of 1 : 1. This is because, as mentioned earlier, the cost-sensitive 
loss function is equivalent to the BCELoss function when the undersampling ratio is 
1 : 1. However, the performance with a cost-sensitive loss function was relatively better 
than that without.

Table 9   AUC scores under the effect of strategies for data imbalance

Cosine similarity threshold �
2

cos (�∕3) cos (�∕6) cos (�∕12)

Imbalance ratio 10.3% 2.4% 2.7%

With cost-sensitive No undersampling 0.717 0.736 0.716
Neg:Pos = 1 : 1 0.761 0.780 0.884
Neg:Pos = 3 : 1 0.742 0.712 0.820
Neg:Pos = 5 : 1 0.737 0.676 0.700

W/o cost-sensitive No undersampling 0.498 0.619 0.714
Neg:Pos = 1 : 1 0.761 0.780 0.884
Neg:Pos = 3 : 1 0.618 0.683 0.727
Neg:Pos = 5 : 1 0.653 0.652 0.698
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In summary, we evaluated the model’s performance with different strategies for 
addressing data imbalance, and found that these strategies had a significant effect on 
performance. Based on the experimental results, the best choices of strategies were 
a cosine similarity threshold �2 = cos (�∕12) , an imbalance ratio of 1 : 1, and using a 
cost-sensitive loss function. We used these settings in the test described in Sect. 5.3.

Fig. 11   The AUC score with 
different numbers of sampled 
neighbors and MLP decoders

Fig. 12   The training time (sec-
onds) per epoch with different 
numbers of sampled neighbors 
and MLP decoders
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5.7 � Parameter sensitivity

In Figs. 11 and 12, we present the performance of the TDGNN model with respect to 
two significant hyperparameters, namely the number of sampled neighbor nodes in tem-
poral difference and the number of ensembled MLP decoders. The results are based on 
the short dataset with a training set ratio of 90%. The highest AUC score is obtained 
with 15 MLP decoders and 10 sampled neighbor nodes. It can be concluded that 
increasing the number of ensembled MLP decoders or sampled neighbor nodes beyond 
a certain value does not improve the performance. The number of sampled neighbors is 
a common parameter in GNN models. If too many neighbors are aggregated, the model 
may fail to identify the most critical information. On the other hand, if too few neigh-
bors are sampled, some important neighbors may be ignored.

Also, the number of sampled neighbor nodes affects training time much more than 
the number of MLP decoders. The shortest and longest training times fluctuate by 
2,742 s with different numbers of sampled neighbors, while the same fluctuation is only 
1,060  s with different MLP decoders. This result shows that the number of sampled 
neighbors is the main factor affecting computational complexity.

5.8 � Node embedding visualization

We provide an illustrative visualization of the node embeddings by t-SNE tools (Van der 
Maaten & Hinton, 2008). Figure 13 shows the distribution of node embeddings learned 
by our model on the long dataset with the training set ratio equaling 70%. Blue cross 
markers denote the node embedding of viewers who send superchats, and red circle 
markers denote the node embedding of those who did not. We observe that node embed-
dings with the same label are clustering, and a large margin separates node embeddings 
with different labels. The results prove that our method can learn discriminative node 
embeddings to distinguish different labels.

Fig. 13   The t-SNE visualization 
of the node embeddings learned 
by TDGNN
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6 � Conclusion

In summary, our work provides a comprehensive solution for predicting real-time dona-
tions in online live streaming services by leveraging dynamic graph neural network 
models. By constructing a continuous-time dynamic graph representation of viewer 
interactions and chat messages, our model can capture the temporal dynamics of the 
data and effectively predict potential donations. The experimental results demonstrate 
the superiority of our proposed TDGNN model over various baseline methods. Addi-
tionally, our study confirms the feasibility of the model’s predictions in real-world situa-
tions by examining the training time, update delay, and visualization.

Our work also contributes to the rapidly growing and promising area of study on real-
time donations in live streaming services. By predicting donations, our model can help con-
tent creators better understand their audience and improve engagement. Furthermore, our 
approach of using dynamic graph neural networks can be applied to other real-time predic-
tion tasks in various domains. Overall, our work provides valuable insights and contribu-
tions to both the live streaming and dynamic graph neural network research communities.
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