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Abstract

Esports has rapidly emerged as a global phenomenon with an
ever-expanding audience on livestream platforms. However,
due to the complex nature of the game, it becomes challeng-
ing for newcomers to comprehend the gaming situation. This
research introduces a 3M-Game that integrates multi-modal
(MM) information from the livestream platform, including
chat and livestream, to uncover the event. While conventional
MM models typically prioritise aligning MM data through
concurrent training towards a unified objective, our frame-
work leverages multiple independent teachers trained on dif-
ferent tasks to accomplish game event detection. The results
show the effectiveness of the proposed framework. The code
and appendix are in https://github.com/adlnlp/3m_game.

Introduction

The advent of online streaming platforms' gave rise to a new
era for gaming channels, providing audiences with the op-
portunity to spectate gaming events in real time. However,
it is challenging for newcomers to understand the overall
game situation as the commentators’ speech is often deliv-
ered rapidly, and the chat function accompanying the live
streaming is typically filled with numerous misspellings and
abbreviations, further complicating the understanding of the
event. To help the audience better understand the situa-
tion, previous research has explored game situation under-
standing using various deep learning models, ranging from
seq2seq (Ishigaki et al. 2021) to Transformers (Wang and
Yoshinaga 2022). However these approaches typically rely
on data sources extracted solely from the game itself, util-
ising a single modality and ignoring the rich information
that could be provided by other modalities, such as audio
tone and chat emotions. Some efforts have been made for
the comprehension of chat contents (Weld et al. 2021; Han
et al. 2021; Weld et al. 2023), but there remains a gap in
the literature concerning the integration of multiple aspects
from the livestream content and chat platforms together to
establish a comprehensive understanding of the overall gam-
ing situation. To address this, we propose a 3M framework
that combines multiple modalities, drawing from both the
game and audience reactions on the livestream platform to
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Figure 1: Architecture of proposed 3M-GAME Framework

create a more robust game event detection system. More
specifically, we focus on three modalities: audio from the
gameplay, transcript from the commentators, and chat in-
formation, inspired by several multi-modal and multi-aspect
knowledge distillation frameworks(Cabral et al. 2024; Li
et al. 2024; Ding et al. 2024). Each modality is then fine-
tuned using specialised teacher models to their own respec-
tive tasks, with their collective knowledge distilled into a
unified student model designed for effective game event de-
tection.

Methodology

This paper utilises the Game-MUG dataset (Zhang et al.
2024), derived from LoL matches broadcasted on Twitch
and YouTube. The dataset includes game match logs, audio,
and textual discussions. Using OpenAI’s Whisper model
(Radford et al. 2023), we segment the continuous stream
into distinct chunks by transcribing the raw audio into tran-
scripts. This process yields 28,145 data instances, each con-
taining all three modalities. These instances are split into
a 95/5 train/test set. Our framework employs three teach-
ers: audio (AST), chat (XLM-RoBERTa), and transcript
(RoBERT3), each fine-tuned for their respective tasks with
cross-entropy loss. Our proposed 3M-GAME framework
(shown in Figure 1) is for multimodal multitask multiteacher
learning for game event detection. We use three loss func-
tions for knowledge distillation: multi-teacher hidden loss,



multi-teacher distillation loss and task-specific loss.

The multi-teacher hidden loss £ y;7— g4 transfers knowl-
edge from the hidden states of IV fine-tuned teacher mod-
els, each with K Transformer layers, to a smaller student
model with M layers. We define £p;7_ ;4 as the sum of
two components: L;2;, representing the alignment loss be-
tween each student layer and its corresponding teacher lay-
ers, and Lyy2;, representing the alignment loss between the
student’s final student layer and the remaining teacher lay-
ers:
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In L;9;, each ith student layer H; is aligned with the corre-
sponding ith teacher layer HZ, for each teacher n. In £ M2j»
the final student layer H j\q/l is aligned with the remaining
teacher layers ng for j = M, ..., K using a trainable trans-
formation matrix W,, . Mean squared error (MSE) is applied
to minimise the discrepancy between the teacher and student
hidden representations, while the teacher layers are frozen
during distillation to retain their task-specific knowledge.
Next, the goal of the multi-teacher distillation loss
Lyr—Dpis 18 to transfer knowledge from the soft labels of
multiple teacher models to the student model. We replace the
teacher models’ prediction layers with trainable output lay-
ers matching the student’s output layer. Since each teacher
is fine-tuned for specific game expertise, exact game clas-
sification is not expected. Instead, the focus is on distilling
modality-specific information from the teacher models to the
student. Thus, the loss defined as:
i CE(ym ys)
—~ 1+ CE(y, yi)

where the output logits of the teacher model are compared
with the student model, as well as the ground truth label via
Cross entropy.

Finally, we incorporate ground truth labels to compute the
task-specific loss Lrqsrx = CE(y, ys), based on the predic-
tions of the student model for game event detection using
transcripts as the input for the student model. The final loss
function £ is the summation of multi-teacher hidden loss,
multi-teacher distillation loss and task-specific loss, which
is formulated as £ = Ly;r—gid + Lyvr—Dis + LTask. Af-
ter knowledge distillation, only the student model is used
for game event detection. Although the input is based on
transcripts, the hidden layers are enriched with multimodal
information.

3

LyT—Dis =

Experiment and Results

In our empirical study, we use K=12 teacher layers and
M=8 RoBERTa layers for the student model. The learning
rate for fine-tuning the teacher is (le-5, le-7), while for 3M
knowledge distillation, it is (1e-4, le-7) using a cyclical ap-
proach. We use the AdamW optimizer with a dropout rate
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Figure 2: PCA of student model after knowledge distillation

Models All  Mains Only
(Zhang et al. 2024) 0.340 0.185
3M-Game (All) 0.495 0. 638
3M-Game (x Audio) 0.483 -
3M-Game (x Chat) 0.325 -
3M-Game (x Transcript) 0.447 -

Table 1: Precision comparison with Baseline from (Zhang
et al. 2024) on Game-MUG (All and Main events only)

of 0.1 for all models. The implementation is done in Py-
Torch and HuggingFace, and we evaluate performance us-
ing Precision-score, comparing against the baseline Game-
MUG BERTgsg model (Zhang et al. 2024).

As shown in Table 1, the results indicate that the 3M-
Game framework outperforms the baseline model in terms
of precision (average macro). There are four types of game
events, three main events and other: ‘KILL’, ‘TOWER’,
‘DRAGON’, and ‘OTHER’. When considering all modal-
ities, 3M-Game achieved the highest performance with
scores of 0.495 and 0.638 for the datasets including and
excluding the ‘OTHER’ game event. When certain modal-
ities are excluded, the performance of 3M-Game slightly
drops, indicating the importance of contribution from each
teacher models. Overall, the results demonstrate the supe-
rior performance of baseline 3M-Game framework, particu-
larly when all modalities are utilised. We then analyse game
event predictions by the trained student model via its em-
bedding outputs, as shown in Figure 2. The PCA plot shows
distinct clustering of categories, with ‘KILL’, “TOWER’ and
‘DRAGON’ forming tighter groups, indicating the model’s
ability to differentiate these categories post-distillation.

Conclusion

This paper introduces the Multi-teacher Multi-task Multi-
teacher framework named 3M-Game for game event detec-
tion, which imbues the student model with game knowledge
from multiple teacher game expertise models via knowl-
edge distillation. Our study showcases the capabilities of
3M-Game, leveraging diverse game expertise for improved
performance.
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