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Figure 1: System overview of Voice to Victory

Abstract

In Multiplayer Online Battle Arena (MOBA) games, effective com-
munication is crucial for coordinating team strategies to achieve
victory. The influence of communication on team coordination
have been examined by prior studies; however, were limited to
non-verbal cues. We propose an end-to-end speech act recogni-
tion pipeline that automatically infers speakers’ intent from voice
audio, enabling analysis at scale. Additionally, we applied social
network analysis to model verbal communication during team co-
ordination in MOBA. By conducting a data collection study on the
gameplay of five players in League of Legends (LolL), we exam-
ined team communication was predominantly driven by specific
players in collaboratively intensive situations, especially during
question-answering interaction.
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1 Introduction

Research on Multiplayer Online Battle Arena (MOBA) games has
gained increasing attention in recent years [2, 5, 19]. Although
MOBA games, such as League of Legends (LoL), emphasize team
collaboration, existing studies have focused mainly on quantifying
individual players’ physical and cognitive behaviors [10, 16]. As
tactical coordination and communication are crucial for team per-
formance [26], team members continuously exchange task-relevant
information, instructions, and emotions via voice chat during game-
play [23]. Although prior work has attempted to demonstrate the
importance of communication in Esports, most approaches rely
on non-verbal signals (e.g., ping, emote) [12, 25, 27], which lack
semantic richness. Rich communication data such as in-game voice
chat remains underutilized due to the manual annotation required,
limiting its scalability for large-scale analyses.

Motivated by this, we introduce an end-to-end speech act recog-
nition pipeline that automatically processes audio data of players’
voices to infer players’ communicative intent. Furthermore, we
recognized three frequent patterns of dialogue acts based on T-
pattern detection [15]. We then construct directed social networks
for each pattern, where each player is represented as a node, to
quantify distribution of communication among players via the cen-
tralization metric [6]. Finally, the contributions of this study can be
summarized as follows:

« We developed a framework that automatically classifies speakers’
intent from raw voice data.

« We proposed a novel methodology to model verbal communica-
tion in Esports environments by applying social network analysis.

« We verified players’ participation imbalance in communication
varies in highly collaborative situations.
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2 Implementation
2.1 Defining Moments of Interest (Mol)

We defined collaboratively intensive tasks as key game events such
as kills that involve two or more players, elite monster (e.g., baron,
dragon) kill. In such situations, players need to make decisions based
on more intensive communication and collaboration. Following
prior research [7], we refer to conversations within a 30-second
time window (i.e., 15 seconds before and after a key game event) as
"Moments of Interest"(Mol) [17], as shown in Figure 1 (a).

2.2 Speech Act Recognition

2.2.1 Speech Transcription and Utterance Segmentation.
Speech transcription pipeline was implemented to produce tran-
scriptions with accurate timestamps in milliseconds. As we col-
lected the players’ voice data separately, the following processing
procedure was applied individually to all five players’ data.

We first transcribed the audio data to utterance using Whisper
large-v3 [20], a state-of-the-art ASR model. Given the fast-paced
and fragmented nature of in-game voice conversations, obtaining
timestamps precisely at utterance level is challenging but crucial
for accurate synchronization with gameplay data. To refine the
alignment between the transcribed text and the corresponding voice
audio, we applied a Connectionist Temporal Classification (CTC) [9]
model. To enable its use as input for dialogue act classification, each
resulting utterance was translated into English using Gemini[24].

2.2.2 Dialogue Act Classification. As proposed in He et al. [11],
we combined utterance embeddings encoded from a pretrained lan-
guage model RoBERTa [14] with speaker turn embeddings. These
embeddings are then fed to Bi-GRU [3] model to infer Dialogue Acts
(DA). DA are higher level semantic abstractions of utterances that
conveys the speaker’s intent (e.g., Inform, Question, Directive, Com-
missive) [21]. The model was trained using DailyDialogue (DYDA)
dataset [13] for 10 epochs with learning rate of 0.0001, dropout 0.5.
Test accuracy of 0.866 was achieved under such conditions. System
hierarchy of speech act recognition is shown on Figure 1 (b).

3 Social Network Analysis
3.1 Communication Network Modeling

We computed social networks to quantitatively analyze utterances
exchanged between players during conversations [22], as networks
are considered a valid tool to investigate complex dynamics in team
sports [18]. We defined a social network as a weighted directed
graph, where nodes represent players and edges link the player
of an utterance to that of the next. Edge weights correspond to
the frequency of corresponding utterance. Network was generated
from utterance observed during 30000 ms window for each Mol.

3.2 Centralization

We adopted centralization to measure the degree to which a net-
work’s structure is dominated by a few highly connected individuals.

Son et al.
Cop Cip
Mol Non-Mol Mol Non-Mol
Mean (SD) Mean (SD) Mean (SD) Mean (SD)

All 031(0.11) 0.19(0.02) 0.09 0.32(0.11) 0.20 (0.02)  0.08
I—>1  023(0.04) 0.17(0.01) 012 0.25(0.04) 0.19(0.01) 0.09
Q—1 026(0.06) 0.16(0.004) 0.01* 0.28(0.06) 0.19(0.01) 0.03*
D—C 027(0.06) 0.15(0.002) 0.02* 0.24(0.06) 0.16(0.01) 0.33

Table 1: Comparison of centralization between Moments of
Interest (Mol) and non-Mol. The ’All’ represents all utter-
ances exchanged between players, regardless of dialogue act
type. 1, Q, D, and C refer to Inform, Question, Directive, and
Commissive dialogue acts, respectively. For example, ’Q —
I’ indicates that a Question utterance was followed by an
Inform utterance. (* indicates p < .05)

Hence node centralization is defined as follows:
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where S; is node strength [1], defined as sum of weights w;; and
Smax represent maximum strength observed across network. N rep-
resents the number of players, and U reflects the total number of
utterances present in the graph. The denominator serves to stan-
dardize the centralization score, mitigating the influence of the total
number of utterances on the metric. Outdegree centralization Cop
captures concentration of communication initiation (e.g., giving
directives) of communicators, while indegree centralization Crp re-
flects how centralized responses (e.g., replying to directives) are by
receivers. See Figure 1 (c) for examples of social networks analysis.

4 Data Acquisition

A total of five male participants were recruited, all having exten-
sive experience playing LoL, with an average of 11 years (SD=1.58).
Participants engaged in six flex queue matches where players com-
municated freely via Discord. All voice interactions were recorded
using the Craig bot [4]. In-game data (e.g., key event log, kill/assist
record) was logged via Live Client API [8], an API that enables
collecting data directly from the League of Legends client.

5 Result

As shown in Table 1, both mean of Cyp and Cop were consistently
higher during Mol. Specifically, indegree and outdegree central-
ization for Question — Inform pattern were significantly higher
during Mol. These findings suggest that under circumstances re-
quiring rapid information flow and cooperation, specific individuals
tended to assume dominant roles in both seeking and providing
information, thereby enhancing communicative efficiency.

In addition, outdegree centralization in Directive — Commissive
exchanges was significantly higher during Mol. One possible ex-
planation is that commands were mainly issued by a limited set of
individuals, which might have contributed to minimizing confusion
and maintaining strategic consistency in high-pressure situations.
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Conclusion

In this study, we proposed an automatic pipeline that infers speak-

5
ers

intent from voice audio. We explored the distribution of commu-

nication between players by evaluating centralization from social
network. Additionally, we assessed centralization difference during
highly collaborative situations, referred to as Mol. By analyzing the
collected data, we confirmed communication involving question
and answering was more centralized during Mol. In future work,
we are planning to collect additional data from Esports professional
gamers for longitudinal analysis.
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