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Abstract
Influence Maximization (IM) in temporal graphs focuses on
identifying influential “seeds” that are pivotal for maximizing
network expansion. We advocate defining these seeds through
Influence Propagation Paths (IPPs), which is essential for
scaling up the network. Our focus lies in efficiently label-
ing IPPs and accurately predicting these seeds, while address-
ing the often-overlooked cold-start issue prevalent in tempo-
ral networks. Our strategy introduces a motif-based labeling
method and a tensorized Temporal Graph Network (TGN)
tailored for multi-relational temporal graphs, bolstering pre-
diction accuracy and computational efficiency. Moreover, we
augment cold-start nodes with new neighbors from histori-
cal data sharing similar IPPs. The recommendation system
within an online team-based gaming environment presents
subtle impact on the social network, forming multi-relational
(i.e., weak and strong) temporal graphs for our empirical IM
study. We conduct offline experiments to assess prediction ac-
curacy and model training efficiency, complemented by on-
line A/B testing to validate practical network growth and the
effectiveness in addressing the cold-start issue.

Introduction
Virtual social networks like Twitter are pivotal extensions
of physical social relationships, connecting billions of users
and profoundly shaping human society. Influence Maxi-
mization (IM) (Li et al. 2023) aims to expand network scales
within a given diffusion model. IM finds diverse applica-
tions, from interrupting the spread of COVID-19 (Cheng,
Kuo, and Zhou 2020) to enhancing viral marketing strate-
gies (Castiglione et al. 2020) and facilitating rumor con-
trol (Vega-Oliveros, da Fontoura Costa, and Rodrigues
2020). At its core, IM identifies active members, or “seeds”,
with robust propagation capabilities, initiating the diffusion
process within the network. Strategically pinpointing and
leveraging these influential nodes enables maximal impact
within the network, serving various societal and strategic ob-
jectives.

*This work was completed during an internship at NetEase.
†Corresponding author.

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

When applied to temporal graphs (Yanchenko, Murata,
and Holme 2023), IM maintains its primary objective while
accounting for the chronological order of edge establish-
ment, introducing complexity due to evolving connections
over time. IM is known for its NP-hard nature, and the
greedy algorithm is a traditional method for approximat-
ing the optimal solution (Yanchenko, Murata, and Holme
2023). In contrast, SPEX (Li et al. 2021) motivates us a
supervised pipeline aimed at expanding the network scale,
which is the ultimate goal of IM. This approach explicitly
defines active members, thereby bypassing the need to ad-
dress the NP-hard problem directly. To be specific, we adopt
Influence Propagation Path (IPP) from SPEX, wherein the
initial node forms social connections with multi-hop friends
over consecutive timestamps. In the context of the IM prob-
lem, the initial node of any IPP inherently qualifies as an
“active member”. In this supervised context, accurately pre-
dicting these labeled active members becomes crucial for
network expansion. Thus, the challenges of efficiently la-
beling IPPs and accurately predicting active members (Γ1)
emerge as central considerations. In addition, the IM prob-
lem faces the often-overlooked cold-start issue, character-
ized by sparse social information at the outset, leading to
performance declines for initial nodes. During the diffusion
process, the initial network scale is smaller than the final
scale, indicating the presence of cold-start nodes. This issue
recurs across timestamps in temporal graphs, adds complex-
ity. Essentially, the IM problem in temporal graphs is signifi-
cantly affected by a severe and persistent cold-start problem
(Γ2). Despite extensive exploration in social recommenda-
tion (Panda and Ray 2022), the cold-start issue has received
limited attention in the context of IM.

In this study, we tackle the above two challenges (Γ1 and
Γ2) with the following solutions. First, to address the first
challenge (Γ1), we introduce Motif-Based Filtering (MF),
streamlining the identification of all IPPs by using known
initiators as ground truth. Additionally, we implement a Uni-
fied Temporal Graph Network (TGN), specifically tailored
for multi-relational temporal graphs. This TGN incorporates
edge establishment, conversion, and diminishing, ensuring
accurate predictions of active members. By transforming op-
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erations into equivalent tensor operations, our TGN imple-
mentation significantly enhances efficiency and scales effec-
tively with larger datasets. Second, to address the cold-start
problem (Γ2), we efficiently augment cold-start nodes by
adding new neighbors from historical timestamps that share
similar IPPs. To expedite the matching of similar IPPs, we
encode IPPs as strings and construct a prefix tree based on
these strings.

In our experimental design, we conducted an empiri-
cal study through A/B testing within an online team-based
game, utilizing our IM solution to enhance the game’s na-
tive social recommendation system’s coverage. The game’s
temporal multi-relational graphs, formed by edge times-
tamps and strong and weak relationships, perfectly align
with our desired scenario. Augmenting the game’s network
scale emerges as a pivotal factor in boosting the impact of its
built-in social recommendations. We selected this game due
to its robust socialization features, which facilitated compre-
hensive data collection and empirical study. The offline ex-
periment systematically highlighted the prediction accuracy
of our approach, while the online experiment evaluated real-
world network scale growth. Results from both experiments
consistently affirm our method’s superior performance. In
the online experiment, our method demonstrates a 3.52%
overall improvement and a 14.32% improvement in cold-
start scenarios for spreading, compared to all other evaluated
methods. In summary, our contributions are as follows:
• Efficient Labeling Methods: We focus on a subset of

active members and introduce efficient labeling methods
to enhance IM adaptability. Additionally, our implemen-
tation achieves up to a 22-fold speedup in TGN training
under our experimental settings, providing a practical al-
ternative to current high-performance GNN frameworks.

• Addressing the Cold-Start Issue: We propose a method
to efficiently provide neighborhood information for cold-
start nodes, effectively tackling this issue in IM.

• Practical Application and Validation: We apply our ap-
proach to a specific practical problem, demonstrating its
effectiveness in expanding network scale through A/B
testing in an online experiment.

Related Work
Influence Maximization (IM) and Temporal Graph
IM involves a diffusion model delineating the diffusion pro-
cess and an algorithm tailored to identify active members.
The diffusion simulation typically relies on models like the
Independent Cascade (IC) or Linear Threshold (LT) (Li et al.
2023). These models estimate the probability of diffusion
based on data from the downstream domain, simulating the
network’s post-diffusion state. Greedy algorithms are com-
monly employed to seek suboptimal solution for this NP-
hard problem (Feng et al. 2023; Zhang et al. 2023). Our
focus lies on addressing the IM problem within temporal
graphs, particularly exploring supervised solutions. IM in
temporal graphs accounts for temporal variations by consid-
ering both the formation and disappearance of edges. Conse-
quently, it grapples with challenges posed by NP-hard com-
plexities and graph dynamics. Recent surveys (Yanchenko,

Murata, and Holme 2023) include various traditional solu-
tions, approximation algorithms (Erkol, Mazzilli, and Radic-
chi 2020), and heuristic node ranking methods (Michalski,
Jankowski, and Pazura 2020), which diverge from our pro-
posed solutions.

Deep Learning (DL) for IM
DL solutions for IM have gained prominence due to their
effectiveness in handling large-scale networks. In static
graphs, Wang et al. (Wang et al. 2021) conducted em-
pirical studies employing graph embedding via unsuper-
vised learning. They initially employed struc2vec (Ribeiro,
Saverese, and Figueiredo 2017) to generate node embed-
dings with structural semantics, followed by clustering tech-
niques to identify active members. For temporal graphs,
recent approaches in dynamic IM (i.e., IM on temporal
graph), as discussed in a survey (Li et al. 2023), draw in-
spiration from either the reinforcement learning (RL) frame-
work (Meirom et al. 2021; Mendonça, Barreto, and Ziviani
2020) or from updating embeddings based on graph dynam-
ics (Peng 2021). In supervised learning, methods either uti-
lize proxies for active members (Qiu et al. 2018) or generate
labels based on diffusion models (Kumar et al. 2022; Kumar,
Mallik, and Panda 2023) before applying an improved pre-
diction model. Our supervised learning approach builds on
existing research for label generation but introduces a novel
element by incorporating multi-relational temporal graphs.

Research Gap
This study addresses several research gaps within the do-
main of IM on temporal graphs. Notably, there has been lim-
ited exploration of supervised learning methods in this area.
Our approach adheres to the traditional IM framework but
introduces a novel labeling technique based on motif iden-
tification, effectively addressing our first set of challenges.
Moreover, the cold-start issue has received little recent atten-
tion in the IM domain (Panda and Ray 2022). Existing so-
lutions (Ojagh, Malek, and Saeedi 2020; Herce-Zelaya et al.
2020; Bedi et al. 2020; Wang et al. 2020) often rely on sup-
plementary information beyond the primary data. Temporal-
aware approaches (Wei et al. 2017; Zhang and Liu 2015;
Chalyi, Leshchynskyi, and Leshchynska 2019) primarily fo-
cus on user-item scenarios. In contrast, our solution inno-
vatively acquires neighbors from observed timestamps, uti-
lizing solely the inherent temporal social networks. Conse-
quently, this cold-start solution for the IM problem addresses
our second set of challenges.

Preliminary and Background
In real-world scenarios, social relationships among people
change dynamically over time. At a given timestamp t, a
social network is represented as Gt = (Vt, Et), where Vt

denotes the individuals (nodes) and Et denotes their rela-
tionships (edges). For any edge eti,j ∈ Et, it connects nodes
vti and vtj within Vt. If we consider one week as a time
unit, a temporal graph includes all nodes and edges that oc-
cur within that week. The neighbors of a node vti at times-
tamp t are defined as N t

i =
⋃

∀eti,j
vj , which includes all
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nodes connected to vi at timestamp t. Furthermore, we de-
fine N t(V ) =

⋃
vi∈V N t

i to facilitate subsequent discus-
sions.

Diffusion and Influence Maximization. In a social net-
work, diffusion refers to a recursive propagation process
from a node to its neighbors, forming a rapidly expanding
diffusion network. Over timestamps from 0 to T−1, the net-
work scale is defined as σ(S, T − 1) = |

⋃T−1
t=0 Vt|, where

S = V0. The goal of IM is to maximize the network scale by
selecting seeds S (i.e., active members) as the initial nodes
of G0. For simplicity, we start our timestamp from 0, and
the number of seeds remains constant to ensure a fair eval-
uation. Therefore, the IM problem on a temporal graph can
be generally defined as: S∗ = argmax

|S|=K

σ(S, T ), where K is

the fixed number of seeds (Yanchenko, Murata, and Holme
2023).

In-game Recommendation and Propagation. On the
gaming platform, we focus on team creation through the
in-game teammate recommendation system to study how its
exclusive contribution to teaming behavior. This feature is
fundamental across various game modes, supporting both
one-on-one team fights and multi-team battles. The recom-
mendation system suggests compatible teammates, thereby
enhancing the gaming experience and improving player re-
tention. Subsequently, three types of social relationships are
derived: exposure, invitation and adoption. Exposure oc-
curs when players appear on someone’s recommendation
list, allowing invitations to be sent. If an invitation is ac-
cepted, adoption occurs, and the invited player joins the in-
viter’s team.

Motivated Insights
Data from a team-versus-team game developed by NetEase
Games1 indicates that only 25.2% of players used the so-
cial recommendation system (sending invitations or adopt-
ing system recommendations) over a month-long period.
This low engagement suggests that conventional social rec-
ommendations are inadequate for most players. Addition-
ally, network scale analysis during the same period shows a
significant decline in growth rate: an initial 47.89% increase
drops to 12.05% after the first week and further reduces to
2.5% by the end of the month, as shown in Figure 1(a).
This trend suggests the network scale will eventually stabi-
lize and converge to a constant value. These findings imply
that the recommendation system only effectively reaches a
limited number of players, resulting in a minimal impact on
the overall social network.

Observation 1 LIMITED-COVERAGE RECOMMEN-
DATION: The recommendation system has a limited impact
on the entire social network.

Our investigation into the evolution of neighbor count
across timestamps reveals a persistent “cold-start” issue in
temporal graphs. As the network scale expands during dif-
fusion in the IM problem, the number of neighbors for each

1NetEase Games is a leading global developer and publisher of
video game IP across a variety of genres and platforms.

Figure 1: In the graph constructed from deduplicated edges
derived from daily invitations and adoptions, the proportion
of nodes with only one neighbor over the total number of
nodes (y-axis) is presented over a span of 30 days (x-axis).

node increases. However, the ratio of nodes with only one
neighbor for social relationships ranges from 12.97% to
19.44%, as depicted in Figure 1(b). This underscores that
nodes with few neighbors, reflective of the cold-start issue,
constitute a substantial portion of the network. Such nodes
can hinder performance when methods depend on social in-
formation from their neighborhood. Contrary to the assump-
tion that the cold-start issue is confined to initial timestamps,
our findings demonstrate its persistence throughout propa-
gation in IM problems, leading to compromised diffusion
estimation for affected nodes.

Observation 2 PERSISTENT COLD-START: The con-
secutive presence of the cold-start issue across timestamps
results in an underestimated propagation process.

Problem Definition
The observed decline in growth, as highlighted in Observa-
tion 1, is attributed to recommending acquaintances rather
than players with the potential to expand the network. Such
recommendations often lead to internal propagation, com-
monly known as the “information cocoon” (Peng and Liu
2021). Consequently, Observation 1 prompts us to focus on
recommending specific types of active players who can fa-
cilitate broader propagation. This supervised approach dif-
fers from most existing IM solutions, which often fail to ex-
plain the patterns crucial for expanding network scale. To in-
troduce external propagation and break the cocoon, we clas-
sify relationships formed through recommendation-driven
invitations/adoption as “strong” relationships, while the ex-
posure in the system is deemed “weak” (Definition 1). Any
strong relationships must occur after exposure, making the
weak graph an upper bound (Constraint 1) for IM solutions.

Definition 1 Given a temporal graph Gt(Vt, Et), the strong
graph Gs

t (V
s
t , E

s
t ) is a subgraph where V s

t ⊆ Vt and Es
t ⊆

Et, such that ∀et(vti , vtj) ∈ Es
t , both vti and vtj belong to V s

t .
Let Gw

t (V
w
t , Ew

t ) = Gt(Vt, Et) represent the weak graph.

Constraint 1 |σ (S∗, T )| ≤
∣∣∣⋃T−1

t=0 V w
t

∣∣∣ , S∗ ∈ V s
0 , where

S∗ is the IM solution.

The distinction between strong and weak relationships has
been extensively studied in previous literature (Granovet-
ter 1973; Onnela et al. 2007), denoting high and low estab-
lishment probabilities. Traditional recommendation systems
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Figure 2: Pipeline for predicting active members. Weak and strong graphs are constructed using exposure edges and invita-
tion and adoption edges derived from in-game teammate recommendations, respectively. These graphs are then input into a
Tensorized TGN to generate node scores. During training, node scores with labels from IPP findings are used to calculate the
training loss. In the inference phase, nodes with top scores are active members.

typically consider strong relationships as positive edges and
weak relationships as negative edges in unsupervised learn-
ing (Hamilton, Ying, and Leskovec 2017). However, it’s
important to recognize that strong relationships can evolve
from weak ones through players’ invitation/adoption behav-
ior. Weak relationships play a crucial role in setting an upper
bound for the network scale achievable by IM solutions.

Inspired by Observation 2, we formulate the cold-start is-
sue as another constraint for the IM problem, shaping our
approach to addressing this challenge.
Definition 2 Given a strong graph Gs

t (V
s
t , E

s
t ), we define a

cold-start node as ∃ct ∈ V s
t such that |N t(ct)| ≤ C, where

C is a constant (e.g., 1). Let Ĉt represent the universal set
that includes all ct at timestamp t.

Constraint 2 ∀t ∈ [0, T − 1],
∣∣∣Ĉt

∣∣∣ ⩾ δ, where δ is the min-
imal number of cold-start nodes through statistics over T
temporal graph.

These nodes are considered minimal because increasing
C would naturally include more nodes, thus broadening the
definition of cold-start nodes.

Under these constraints, our IM problem is defined as:
maximize
|S| = k

σ(S, T )

subject to Constraint 1,
Constraint 2

(1)

We argue that traditional metrics, such as adoption
rates (Zhang et al. 2023), do not effectively reach players
outside the coverage of the recommendation system. There-
fore, a primary focus of our research is to expand the limited
coverage of the teammate recommendation system. These
two objectives are not in direct competition.

Algorithmic Solution & Implementation
In this study, we formulate the IM problem as a supervised
learning task, shown in Figure 2. In the following sections,
we first introduce the problem formulation and the efficient
labeling of IPP findings. Next, we provide an overview of
the TGN architecture used for label prediction, highlighting
modifications to accelerate training and adapt to large-scale
datasets. Lastly, we explore the serialization of IPPs and an
efficient retrieval method designed to address the cold-start
issue.

Supervised IM and Efficient Labeling
Before formulating IM as a supervised problem, we first in-
troduce IPPs within both the strong and weak graphs:

Definition 3 An Influence Propagation Path
(IPP) is defined as a sequence of edges <

et0v0,v1
, et1v1,v2

, . . . , e
tNp−1

vNp−1,vNp
> that adheres to the

edge condition t0 ≤ t1 ≤ · · · ≤ tNp−1 and the node
condition ∀i ∈ [0, Np− 2], vi ∈ V s

ti , while vi+1, vi+2 /∈ V s
ti .

Here, Np signifies the length of the IPP.

Supervised IM. We highlight an important modification
from the original definition, which revolves around the node
constraint regarding the strong and weak graph, derived
from CONSTRAINT 1. This study particularly focuses on
the simplest case where Np = 2, aiming to formulate a su-
pervised learning problem using these IPPs as ground truth.
We first train our model to predict IPPs, without seeking the
IM solution for the observed data. Subsequently, during in-
ference, the inference data are treated as the initial network.
The trained model then predicts the seeds for maximizing
the subsequent diffusion network.

IPP Findings. Identifying all IPPs consumes a consider-
able amount of time, prompting the use of a sampling strat-
egy as a compromise to access a subset of labels, as demon-
strated in a prior study (Li et al. 2021). To efficiently iden-
tify entire labels, we introduce a motif-based filtering (MF)
method according to DEFINITION 3. The MF method be-
gins with a motif finding algorithm aimed at detecting all
2-hop paths < et0v0,v1

, et1v1,v2
>. Subsequently, these paths

undergo filtering based on two conditions: the edge condi-
tion (t0 ≤ t1) and the node condition (v0 ∈ V s

t0 , while
v1, v2 /∈ V s

t0 ). To efficiently determine a node’s inclusion
within V s

t0 , a strategy is applied where each node initially
receives a unique ID in ascending sequential order. The de-
cision on a node’s inclusion is based on whether its ID ex-
ceeds the maximum ID within V s

t0 .
Time Complexity. The time complexity of our algorithm

hinges on the motif finding algorithm employed. We argue
that any motif finding algorithm’s time complexity must be
at least linear to O(

∑T
t=1 |Motift|), where Motift repre-

sents identified motifs at timestamp t. This assertion holds
because validating each edge’s eligibility as the desired mo-
tif takes at leastO(1), assuming these edges are precisely the
final motifs in the best-case scenario. Both edge and node fil-
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Figure 3: Cold-start solution: (A) IPP Serialization: Serialized strings are generated for each node in an IPP and then concatenate
into an IStr. (B) Neighbor Retrieval: The IStrs of all IPPs are inserted into a prefix tree and positioned by pre-order traversal
(PTT), ensuring that similar strings are placed adjacently. Cold-start edges are established between the end node v2 of an IPP
and other nodes belonging to the most similar IStrs in the PTT. (C) Demonstration of neighbor retrieval.

tering processes involve iterating through all motifs, result-
ing in a time complexity of O(

∑T
t=1 |Motift|). Thus, the

time complexity of the filtering process for IPPs is linear to
the number of found motifs and must be less than the motif
identification process. Our implementation employs Dotmo-
tif (Matelsky et al. 2021), an efficient variant of the VF2 al-
gorithm that decouples time complexity from the number of
edges. Finally, compared with implementations that recur-
sively examine nodes’ neighbors and validate the formation
of 2-hop paths, our motif-filtering method excels in hand-
ing dense graphs, where the edge count grows exponentially
with the node count.

TGN Deployment and Tensorization
To predict IPPs, we implement TGN to fit in our scenario.
Our implementation also tensorizes two modules (memory
and aggregator) of TGN to improve efficiency.

TGN Architecture. TGN incorporates a specialized stor-
age mechanism termed memory, wherein a vector assigned
to each node encapsulates the most recent data related to
the edges. The training procedure of TGN is demonstrated
through a batch comprising et0v0,v1

, et1v1,v2
. Initially, node em-

beddings for vt00 , vt01 , vt11 , vt12 are generated by the embed-
ding module, utilizing the temporal graph and the node’s
memory. Subsequently, these embeddings, along with edge
information, serve as historical messages to update the mem-
ory of the nodes. Particularly, information for v1 at t0 and
t1 is aggregated, updating its memory to t1. Following this
batch, the memory stores three vectors for vt00 , vt11 , vt12 . For
more details, please refer to the paper (Rossi et al. 2020).

Specification. In our scenario, the edge attributes are cat-

egorical, with values of 0, 1, 2 representing weak relation-
ships, strong relationships, and the additional connections
(introduced in Section ) for cold-start nodes, respectively.
This notation seamlessly aligns with the requirements of our
temporal multi-relational network implemented by TGN.
Subsequently, the generated node embeddings are passed
through a Multi-layer Perceptron (MLP) decoder, consist-
ing of two Linear-ReLU-Dropout blocks followed by a Lin-
ear layer, with an output dimension of 2. The decoder is
then trained using a supervised Binary Cross-Entropy (BCE)
loss, with the labels identified by IPPs fed into it. Finally, the
weighted sum of the supervised BCE loss and the unsuper-
vised TGN loss forms the multi-task loss. During inference,
the class with the higher value is considered as the predic-
tion.

Tensorization. In our deployment of TGN, we have iden-
tified a key challenge that hampers efficiency. Specifically,
concerning message aggregation, TGN explores two alter-
natives: exclusively utilizing the latest message (LM) and
calculating the mean of all messages (MM). An ablation
study (Rossi et al. 2020) indicates that while LM slightly
outperforms MM in accuracy, it incurs a threefold compu-
tational time. Nevertheless, the original implementation is
designed for supporting various aggregators. Recognizing
this as a potential avenue for efficiency enhancement, we
exclusively employ LM as the aggregator and implement a
tensorized memory and LM aggregator to minimize redun-
dant loops. This tailored implementation results in a signif-
icant improvement in efficiency, surpassing the aforemen-
tioned threefold acceleration. Moreover, our acceleration on
a single operation is orthogonal to the parallel framework
designed to accelerate general Temporal Graph Neural Net-
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works (TGNNs) (Xia et al. 2024; Sheng et al. 2024; Zhou
et al. 2022), which is the primary focus of previous works.

Cold-start Solution
To address the neighbor insufficiency in cold-start nodes,
we propose establishing connections among cold-start nodes
that share similar IPPs. As shown in Figure 3, this pro-
cess begins with the serialization of IPPs into fixed-length
strings, facilitating subsequent calculation. After serializa-
tion, we construct a prefix tree for efficient retrieval of IPPs
with similarities. This method adeptly manipulates social re-
lationships within the network data, introducing edges that
minimally alter the network’s structure. Consequently, our
solution to the cold-start problem aligns well with various
algorithms designed for temporal graphs. The complete pro-
cess is outlined in Figure 3.

IPP Serialization. We introduce degree counts for a spe-
cific degree k, denoted as:

CD(vi, k, t) =
∑

nbrj∈Ntvi

I(Deg(nbrj , t) == k). (2)

Here, Deg(vi, t) denotes the degree of vti , and I yields 1
when the condition is met. This serialization (Figure 3(A))
method preserves neighborhood information by associating
each neighbor’s degree with the degree count. To simplify,
the serialization retains the node’s degree and the three most
frequent degree counts. To ensure consistent string length,
degrees are truncated to 99, with zeros appended for nodes
lacking sufficient neighbors. Subsequently, for three nodes
of an IPP vt00 , vt11 , vt22 , we generate serialized strings for each
involved node, which are then concatenated in reverse order
to form IStrt1,t1,t0v2,v1,v0

. This reverse concatenation is specifi-
cally designed for the inference phase, where only historical
data are available. The retrieval of IPPs thus focuses on iden-
tifying potential neighbors for the latest node v2 of an IPP,
utilizing the serialized IPPs.

Neighbor Retrieval. The Trie, or prefix tree, plays a cru-
cial role in efficiently retrieving IPP strings based on com-
mon prefixes. After inserting all IPP strings into the Trie,
strings with similarities are positioned adjacently within the
sequence generated through the Trie’s pre-order traversal,
denoted as PTT (construction and traversal details omitted).
Subsequently, for a node vi, we illustrate the retrieval pro-
cess of an IPP ending with vi, and its serialization is simpli-
fied to IStri (illustrated in Figure 3(B) and Algorithm 1).
Similar strings are placed adjacently to the position, where
PTT [position] = IStri. These identified strings reflect
potential neighbors for the given nodes. A subset of these
nodes is randomly selected to augment vi’s neighborhood.
Additionally, we filter the identified strings based on sim-
ilarity to the retrieval string. Specifically, considering each
two words as a number within an IPP string (NI numbers in
total), the similarity between any two IPP strings, IStri and
IStrj , is calculated as:

Sim(IStri, IStrj) =

NI−1∑
k=0

I(IStri[k] == IStrj [k]),

(3)

Algorithm 1: Neighbor Retrieval (IPPs, PTT, w, h)
1 Ec ← ∅;
2 for (v2, IStr) ∈ IPPs do
3 pos← Index(PTT, IStr);Q← ∅;
4 for IStr′ ∈ PTT [pos− w, pow + w] do
5 if Sim(IStr, IStr′) < h then
6 V ′ ← StringToNode(IStr′);
7 Q← Q

⋃
V ′;

8 Q← Sample(Q);
9 Ec ← {v2} ×Q;

10 return Ec;

where IStr[k] denotes the k-th number. To boost retrieval
efficiency, our implementation utilizes caching, capitalizing
on the relatively small size of the PTT compared to the total
number of IPPs. An example is demonstrated in Figure 3(C),
omitting details.

Time Complexity. If davg represents the average node
degree, generating an IStrtivi

requires O(davg) operations
to access the degree of each neighbor. Assuming M IPPs
found, the total time complexity for IPP serialization be-
comes O(Mdavg). Neighbor retrieval involves Trie con-
struction, PTT generation, and neighbor retrieval for each
cold-start node. Trie construction takes O(LM), where L
denotes the length of serialized string. PTT generation,
while worst-case O(LM), is significantly lower in practical
scenarios. The neighbor retrieval exhibits linear time com-
plexity in indexing all strings, assuming a constant number
of adjacent positions are considered similar. This indexing
requires the length of PTT to populate the cache, with a
worst-case complexity of O(M) where each serialized IPPs
is distinct. Similarly, retrieving nodes based on IStr also has
a worst-case time complexity of O(M) to assign all nodes
to each IStr. In summary, our approach to addressing the
cold-start issue has a time complexity ofO(Mdavg +LM).
In practice, we suggest O(Mdavg) due to shared prefixes,
reducing the effective length of Trie traversal.

Offline Experiment
The aim of the offline experiment is to validate the predictive
accuracy of our approach. We utilize four predictive models
detailed in SPEX (Li et al. 2021) and five datasets for com-
parison. Furthermore, we evaluate the efficiency of model
training across various scales and computational platforms,
conducting experiments in two distinct environments to ac-
count for scale variations. The code is opensource 2.

Experimental Setting
Dataset. We utilize two datasets obtained from different
platforms. A temporal graph is generated by aggregating
interactions over a one-week timeframe, where the ground
truth of IPP and addition edges for cold-start nodes are iden-
tified. The identified IPP is based on a 2-hop structure un-

2https://github.com/laixinn/ICWSM25-Influence-
Maximization/
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Name Twit. NetE. B.C. W.T. S.O.

nodes 50.4K 1.4M 274 85.9K 0.6M
edges 59.0K 13.4M 809 524.6K 7.5M
weeks 9 8 266 223 86
strong nodes 39.7K 0.2M 218 66.8K 0.5M
strong edges 37.4K 0.5M 201 292.0K 2.8M
ground truth 8.8K 47.9K 77 9.8K 0.1M

Table 1: Overall Statistics (K = 103,M = 106).

der the most relaxed conditions. This is because IPPs with
longer hops must be a subset of the 2-hop IPPs, making these
2-hop IPPs representative. Detailed statistics are provided in
Table 1, which aggregates data over time.

NetEase (NetE.). This dataset contains interaction data,
considered as strong and weak relations, and player profiles
obtained from an in-game recommendation system, span-
ning from January 3 to February 28, 2022. Experiments with
this dataset are conducted on a high-performance machine
featuring an AMD EPYC 7543 32-Core CPU, 377GB RAM,
and an NVIDIA 24G A30 GPU.

Twitter (Twit.) (Lou et al. 2013; Li et al. 2021). This
dataset comprises retweet logs from January 1 to March
1, 2010. Strong and weak relational edges are established
based on a predefined threshold (0.3 quantile) on edges’ ac-
cumulated weights. We utilize a BERT-base model3 to gen-
erate tweet embeddings, which are then aggregated to de-
rive user features. Experiments on this dataset are conducted
on a system equipped with an Intel(R) Xeon(R) Gold 5218
CPU, 512GB RAM, and an NVIDIA 24G GeForce RTX
3090 GPU.

SNAP Temporal Networks 4: BitCoins (B.C.), WikiTalk
(W.T.), StackOverflow (S.O.) (Kumar et al. 2018; Paranjape,
Benson, and Leskovec 2017). We leverage publicly avail-
able datasets from SNAP, encompassing a diverse range of
temporal networks over extended periods. To better capture
long-term propagation and ensure the resulted IPP labels, we
aggregate each network into 60-day intervals. When no in-
herent node features are provided, we substitute them with
random embeddings.

Baseline. In our evaluation, we consider the following
baseline algorithms from two perspectives:

SPEX Competitors. FuseRec (Narang et al. 2021),
DiffNet++ (Wu et al. 2020), and their SPEX adaptations,
without scalable implementation, serve as prediction base-
lines in Twitter dataset. We adaptively replace items by users
and modify supervised loss similar to SPEX. The accuracy
threshold is set at 0.5. This baseline does not scale effec-
tively to large datasets. Therefore, we intentionally down-
sample the S.O. dataset to evaluate its maximum capable
performance, by 50% for FuseRec (&spex) and 40% for
DiffNet++ (&spex).

Graph Solutions. GraphMAE and TGN are representa-
tive for the algorithms in static and temporal graphs. Their

3https://github.com/google-research/bert
4https://snap.stanford.edu/data/index.html#temporal

scalable implementations are utilized in both Twitter and
NetEase. dataset. Both approaches employ a 2-class predic-
tion.

For consistency, methods integrating our cold-start so-
lutions or the SPEX approach are labeled as “&cold” and
“&spex”, respectively. To maintain data integrity, datasets
are split in a 4:1:1 ratio for training, validation, and testing,
preserving temporal sequence integrity. Evaluation metrics
including Average Precision (AP), ROC, AUC, and accuracy
are aligned with TGN’s setting.

Result Analysis
The experimental results, summarized in Table 2, empha-
size the highest (first) and second highest (second) scores.
In most scenarios, TGN&cold achieve the best or near-best
results, outperforming the spex plugin designed for IPP iden-
tification. Several significant insights can be found from the
results:

Temporal Information’s Impact: temporal data inclu-
sion markedly improves model performance. In W.T. and
S.O., two TGNs consistently outperform in three metrics, av-
eraging 95.46%, 90.09%, 97.34%. Conversely, moving from
the short-term (Twit., NetE.) to long-term datasets (W.T.,
S.O.) reveals an enhanced performance for TGN&cold but
a marked decline for two GraphMAEs, particularly in AUC
(79.15% to 52.82% on average). This contrast underscores
the critical role of temporal structure in delivering accurate
IPPs for the following empirical study.

Propagation-insufficient Scenario: sparse propagation
results in insufficient labels and degrades the perfor-
mance for our cold-start solution. In the B.C. dataset,
43.5% timestamps include ≤ 1 propagation (i.e., label).
Decreasing the accumulation period further increases this
proportion and exacerbates label imbalance. These obser-
vations illustrate the nature of the rare propagation behav-
ior in the bitcoin scenario. Consequently, TGN’s ACC drops
to a secondary level, which carries over to the TGN&cold.
In contrast, W.T. and S.O datasets have 100% and 84.6%
of timestamps including more than 10% of propagation,
with average propagation proportions of 14.1% and 22.0%.
In these datasets, two TGNs outperform other baselines in
these datasets, demonstrating the strong correlation between
propagation and performance. However, in the propagation-
insufficient B.C. dataset, our cold-start solution is partic-
ularly helpful for GraphMAE, with an average improve-
ment of 8.38%. As discussed earlier, the static GraphMAE
struggles with learning temporal information, and thus the
absence of propagation has a neutral or even positive ef-
fect on its performance. Overall, TGN&cold’s worst perfor-
mance in B.C. arises from TGN’s limitation in propagation-
insufficient scenarios, while the cold-start solution itself re-
mains benefit for static GNNs.

Plugin-perspective Performance: our cold-start solu-
tion (cold) outperforms the plugin competitor SPEX
(spex) regarding overall stability. These plugins share ad-
vantages of requiring no architectural changes to the base
models. Integrating spex and cold delivers a state-of-the-
art overall performance improvement of 3.20% and 3.25%.
However, cold demonstrates a positive effect in 73.3% of
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AUC (%) ACC (%) AP (%)

Twit. NetE. B.C. W.T. S.O. Twit. NetE. B.C. W.T. S.O. Twit. NetE. B.C. W.T. S.O.
DiffNet++ 64.23 OOM 30.47 52.16 59.84 59.62 OOM 61.49 50.51 58.00 72.81 OOM 31.07 34.06 52.23
DiffNet++&spex 60.68 OOM 57.35 52.16 74.79 53.56 OOM 61.49 80.43 57.90 64.16 OOM 48.21 28.58 65.49
FuseRec 66.09 OOM 77.46 57.50 63.40 63.26 OOM 77.84 45.57 55.37 69.62 OOM 80.28 68.43 76.61
FuseRec&spex 66.30 OOM 77.38 57.46 63.46 62.02 OOM 77.84 45.57 54.94 69.59 OOM 80.12 68.38 76.87
GraphMAE 76.93 81.72 61.35 53.00 50.42 53.52 79.78 71.88 72.16 75.67 37.73 76.02 46.48 29.94 24.49
GraphMAE&cold 74.77 83.16 74.44 57.46 50.38 87.25 78.33 75.00 72.32 75.68 34.39 75.90 55.41 39.40 24.26
TGN 77.67 81.66 74.53 96.33 91.71 71.38 76.00 51.70 91.61 85.13 80.72 80.55 75.96 97.58 95.38
TGN&cold 78.24 83.48 74.81 97.30 93.62 73.85 77.20 51.70 92.99 87.19 80.50 83.72 77.05 98.26 96.42

Table 2: IPP Prediction Performance (OOM: out-of-memory).

cases (22 out of the 30), outperforming spex’s 33.33% (8
out of 24 due to OOM). Notably, these results consider the
integration to both static (GraphMAE) and dynamic (TGN)
GNN, demonstrating the cold-start solution’s broad appli-
cability. Despite GraphMAE showing a lower compatibility
with cold (60% positive effect) compared to TGN (93.3%),
cold still surpasses spex when integrating to GraphMAE.
The observed variation in compatibility is attributed to the
absence of temporal information, which affects model’s ca-
pability in learning cold-start edges.

Computational Efficient
We conduct a comprehensive benchmarking on
TGB (Huang et al. 2023) to demonstrate our efficiency
improvement, as shown in Table 3. The results indicate a
speedup of up to 4× faster than the TGN implementation.
The first five datasets are for link prediction, and the
subsequent four datasets are for node prediction. The
experiment code is available 5. Additionally, in the Twit.
dataset, an ablation study examining the effect of batch
size on efficiency enhancement showed that the per-epoch
time decreases from 295s to 112s and from 162s to 51s for
batch size of 256 and 1024, respectively. This acceleration
demonstrates a performance gain increasing from the raise
of 1.82 to 2.2 when increasing the batch size fourfold,
highlighting our method’s potential to scale even further. In
the NetE. dataset, due to GPU memory constraints, the most
efficient tensorized version of TGN (1.54 hours for a batch
size of 2048) is 22× faster than its original counterpart
(34.27 hours for a batch size of 1024). These observations
collectively suggest that our accelerated approach yields
potential performance benefits in large-scale scenarios.
However, the acceleration provided by our implementation
primarily serves as an orthogonal alternative and does not
match the hundred-fold speedups offered by specialized
parallel architectures (Yu et al. 2024).

Empirical Study
We perform an A/B testing on NetEase Game’s team-vs-
team game platform to demonstrate the effectiveness of our
method in addressing the IM problem. This online experi-
ment ran from January 29 to February 3, 2024. At the be-

5https://github.com/laixinn/TGB

ginning of each week, the model was updated with the latest
monthly data.

A/B Testing Environment
We start by outlining the fundamental rules of the pre-
defined in-game recommendation system on our platform.
Our aim is to target invitations exclusively to online players,
requiring daily training of our recommendation system’s al-
gorithms to suggest from a pool of real-time online players.
We apply additional filtering rules, such as matching pre-
ferred game mode with the inviter, to ensure the relevance of
recommendations. Subsequently, a portion of online players
receive experimental recommendations. We highlight some
key settings to ensure test fairness:

Seed Determination. We randomly assign these online
players to separate groups, each experiencing a different al-
gorithm to generate an equivalent number of seeds. These al-
gorithms undergo weekly training updates and generate ini-
tial predictive scores for player recommendations at the be-
ginning of the week. Nodes with top scores are determined
as seeds. The number of seeds is determined by the algo-
rithm with the fewest output predictions.

Seed utilization. We determine our seeds at the beginning
to simulate the IM setting. Throughout the week, these seeds
receive priority in recommendation, except when offline, re-
verting to default recommendations in the absence of entire
seeds. This strategy of consistent recommendation is also
employed for promotion (Zhang et al. 2023; Wang et al.
2021).

Cool-down mechanism. We incorporate a “cool-down”
mechanism to prevent recommendation overload: players
who receive ten invitations are excluded from recommen-
dations for 24 hours. This helps prevent player annoyance
and evenly distributes social interaction among the seeds,
avoiding monopolization of attention by the highest-scoring
seeds.

Experimental Setting
Baseline. The approaches selected here differ from those in
the offline experiments by incorporating a Deep Learning
(DL) solution for IM. These SPEX solutions also adhere to
our supervised setting for predicting seeds.

IM Competitor with Deep Learning Approach: We use
GE (Wang et al. 2021) as a validated DL baseline due to
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Implementation Coin Wiki Review Comment Flight Trade Token Genre Reddit

Original 472 2 198 1523 472 2 438 71 345
Tensorized 204 2 35 326 470 1 260 50 207

Table 3: Time consumption (/s per epoch) on TGB.

Figure 4: Proportion of network scale over 6 days.

its proven efficacy.
Graph Solutions: In our comparative analysis, we utilize

GraphMAE and TGN to explore static and temporal graph
analysis, enriching our insights into various graph-based ap-
proaches.

Random: A randomly selected subset of seeds is ex-
posed to default recommendation generated by a LightGBM
model (Ke et al. 2017) trained to maximize the click-through
rate (CTR) for invitation acceptances. This default recom-
mendation serves as a robust business baseline and under-
goes thorough online evaluation.

Metrics. To evaluate the effect of coverage growth, i.e.,
network scale growth, we track the daily network scale di-
vided by the accumulation of daily active user (DAU). We
use spread to denote this network scale growth. In this con-
text, the network edges originate exclusively from the rec-
ommendation system, and the DAU accurately reflects the
number of available players in a test group. Although de-
tailed DAU figures and any data disclosing DAU are kept
confidential, it’s important to note that both the number of
seeds and the scale of the diffused network are relatively
small compared to the DAU. This setup ensures that the reg-
ular gaming experience of the majority of players remains
undisturbed.

Result Analysis
We begin our results analysis with an overview, followed
by targeted investigations into cold-start nodes and an abla-
tion study to validate the cold-start solution. In the illustra-
tions, (x, y) coordinates represent positions from the upper-
left corner of each figure.

Overall Performance. The diffusion outcomes are de-
tailed in Figure 4. Diffusion beyond 3 hops is excluded
since the network scale does not exhibit growth beyond this
point. Our method, TGN&cold, consistently leads in spread-
ing across both time and hops, achieving a relative improve-
ment of 3.52% in overall statistics. The random strategy
demonstrates the lowest spread (Time = 4 and 5 in Fig-

Figure 5: Investigation of degree v.s. hop, where x,y position
refers to {1, 2, 3} × {1, 2, 6}. Each figure presents the pro-
portion of network scale over 6 days.

ure 4), confirming the observation that social recommen-
dation strategies targeting high adoption rates fall short in
expanding network scale. A decrease in 1-hop diffusion in
Figure 4(a) indicates that the rate of network diffusion is
slower than the accumulation of DAU. This is attributed to
the cool-down mechanism, which also serves as evidence
that recommending our seeds does not introduce bias into
the study of the IM problem.

Cold-Start Treatment. To address the cold-start issue,
we evaluate the enhancements for cold-start nodes, as illus-
trated in Figure 5. The analysis focuses on nodes with fewer
than three neighbors at the time of seed prediction (i.e., Jan-
uary 28, 2024). TGN&cold either leads or ties in most cases,
affirming its effective treatment of cold-start nodes. This is
especially evident in cases (2,1), (2,2), (3,1), and (3,2) in
Figure 5, where a clear distinction is observed between the
default random strategy and TGN&cold. The overall statisti-
cal improvement here is 14.32%. To explain, we observe that
performance rankings remain largely consistent over time
and thus the initial performance determines the overall per-
formance. This observation highlights the significance of the
players reached initially, which is impacted by the cold-start
issue we particularly focus on to improve the IM problem.

Additionally, in Figure 5, TGN exhibits lower perfor-
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Figure 6: Ablation study of the cold-start solution, where x,y position refers to degrees crossing times, i.e., {1, 2, 3}×{1, 2, 4, 6}.
Each figure presents the proportion of network scale over 6-hop diffusion.

mance without the support of our cold-start solution, partic-
ularly evident in cases (2,1), (2,2), (3,1), and (3,2). Although
GE shows comparable performance in Figure 4, it also strug-
gles to address cold-start challenges, resulting in the lowest
performance in cases (2,1) and (2,2). In contrast to its lower
performance in Figure 4, the random baseline remains com-
parable throughout Figure 5. We attribute this to its local op-
timization strategy, which targets the adoption rate without
considering long-term spreading. Consequently, its initially
comparable performance does not sustain over time, leading
to its lowest performance in Figure 4.

Ablation Study Along Hops. An ablation study focusing
on diffusion across hops is presented in Figure 6. Overall,
TGN&cold outperforms TGN by 15.59%, whereas Graph-
MAE&cold is marginally surpassed by 0.21%. This finding
is consistent with insights from the offline experiment and
clearly demonstrates the benefits of our cold-start solution.
Additionally, the increase in spread is particularly evident
in the first two hops, aligning with our identification of two-
hop IPPs. Beyond the second hop, the spread curves become
flat and reach saturation, indicating the potential of our su-
pervised framework to scale up IPP hops. During these two
hops, TGN&cold exhibits significantly enhanced propaga-
tion power compared with TGN, achieving a higher satura-
tion level. In later days, the impact of our cold-start solution

diminishes as the propagation accumulates sufficient neigh-
bors, moving past the initial cold-start period. This suggests
that the final performance improvement is primarily driven
by the initial propagation power provided by our cold-start
solution. This is particularly helpful for nodes that reach
propagation saturation quickly. However, it fails to break the
propagation ceiling for the cold-start nodes in the long term.

Conclusion and Future Work
In this study, we explore supervised learning techniques to
tackle the IM problem in temporal graphs, focusing on miti-
gating the cold-start issue identified through statistical anal-
ysis. We first frame the IM problem as a supervised learn-
ing task and propose a method for identifying IPPs within
multi-relational temporal graphs. To predict these IPPs, we
implement a tensorized TGN model, incorporating an inno-
vative cold-start solution. Our approach is validated through
offline evaluations across three key metrics, demonstrating
both accuracy in IPP prediction and efficiency based on time
consumption analysis. Additionally, online A/B testing with
a controlled configuration confirms the practical benefits of
our approach for fostering network growth. Ablation studies
further highlight the efficacy of our solution in addressing
the cold-start issue, offering valuable insights and practical
contributions to IM in temporal networks.
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Due to our research scope, we exclude diverse recommen-
dation baselines (e.g., adoption rate (Zhang et al. 2023))
and static IM problems (Wang et al. 2024). Recent tem-
poral GNN methods (Poursafaei et al. 2022; Luo and Li
2022) may not scale to our industrial dataset, making TGN
a suitable base for advancing temporal networks in scalable
IM. Our cold-start solution currently depends on TGN; fu-
ture work should assess its generalizability across models,
explore potential incompatibilities, and enhance adaptabil-
ity. Nevertheless, future research could address its limited
performance in propagation-insufficient domains, such as
”who-trusts-whom” networks in Bitcoin trading, and further
investigate its behavior in long-hop propagation scenarios.
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Our empirical study involved conducting online A/B tests.
We ensure that our data collection process strictly adhered to
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tion power to influence a large number of players. However,
the demonstration of our cool-down mechanism provides a
proper guidance to control these unintended propagation ef-
fects. Consequently, we believe that our study does not incur
any significant ethical issues.
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1. For most authors...

(a) Would answering this research question advance sci-
ence without violating social contracts, such as violat-
ing privacy norms, perpetuating unfair profiling, exac-
erbating the socio-economic divide, or implying disre-
spect to societies or cultures? Yes, see the Introduction,
Conclusion and Future Work.

(b) Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes, see the Abstract and Introduction.

(c) Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made? Yes, see
the Introduction, Offline Experiment, Empirical Study,
Conclusion and Future Work.

(d) Do you clarify what are possible artifacts in the data
used, given population-specific distributions? Yes, see
the Offline Experiment and Empirical Study.

(e) Did you describe the limitations of your work? Yes,
see the Conclusion and Future Work.

(f) Did you discuss any potential negative societal im-
pacts of your work? Yes, see the Introduction.

(g) Did you discuss any potential misuse of your work?
Yes, see the Introduction.

(h) Did you describe steps taken to prevent or miti-
gate potential negative outcomes of the research, such
as data and model documentation, data anonymiza-
tion, responsible release, access control, and the repro-
ducibility of findings? Yes, see the Introduction.

(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes, see the
Ethics Statement.

2. Additionally, if your study involves hypotheses testing...

(a) Did you clearly state the assumptions underlying all
theoretical results? NA

(b) Have you provided justifications for all theoretical
results? NA

(c) Did you discuss competing hypotheses or theories
that might challenge or complement your theoretical
results? NA

(d) Have you considered alternative mechanisms or ex-
planations that might account for the same outcomes
observed in your study? Yes, see the Offline Experi-
ment and Empirical Study.

(e) Did you address potential biases or limitations in
your theoretical framework? Yes, see the Offline Ex-
periment and Empirical Study. Our A/B is under ratio-
nal and fair setting.

(f) Have you related your theoretical results to the exist-
ing literature in social science? Yes, see the Introduc-
tion, Motivated Insights and Problem Definition.

(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? Yes, see the Introduction and
Conclusion and Future Work.

3. Additionally, if you are including theoretical proofs...

(a) Did you state the full set of assumptions of all theo-
retical results? NA

(b) Did you include complete proofs of all theoretical
results? NA

4. Additionally, if you ran machine learning experiments...

(a) Did you include the code, data, and instructions
needed to reproduce the main experimental results
(either in the supplemental material or as a URL)?
No, the empirical study is not reproduceable due to
the online environment and the confidential indus-
trial data. However, TGB benchmark can be repro-
duced, see the open-sourced repository https://github.
com/laixinn/TGB.

(b) Did you specify all the training details (e.g., data
splits, hyperparameters, how they were chosen)? Yes,
see the Offline Experiment and Empirical Study.

(c) Did you report error bars (e.g., with respect to
the random seed after running experiments multiple
times)? No, because our experiments take same seed
with TGN (2020) to ensure the results are fair and re-
produced.

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? Yes, see the Offline Exper-
iment.

(e) Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? Yes, see the
Offline Experiment and Empirical Study.

(f) Do you discuss what is “the cost“ of misclassifica-
tion and fault (in)tolerance? Yes, see the Offline Ex-
periment and Empirical Study.

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? Yes, see the Offline Experiment and Empirical
Study.

(b) Did you mention the license of the assets? No, be-
cause all the tools, algorithms and data we use are pub-
licly available.

(c) Did you include any new assets in the supplemental
material or as a URL? Yes, see the URLs in footnotes.

(d) Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curating?
Yes, see the Offline Experiment and Empirical Study.
The data is either publicly available or with consent by
players.

(e) Did you discuss whether the data you are us-
ing/curating contains personally identifiable informa-
tion or offensive content? Yes, see the Offline Experi-
ment and Empirical Study. The data is either publicly
available or undergoes transformation to keep infor-
mation confidential.
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(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR
(see FORCE11 (2020))? NA

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset (see Gebru et al.
(2021))? NA

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...
(a) Did you include the full text of instructions given to

participants and screenshots? NA
(b) Did you describe any potential participant risks, with

mentions of Institutional Review Board (IRB) ap-
provals? NA

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation?

(d) Did you discuss how data is stored, shared, and dei-
dentified? NA
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