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Abstract

Esports is a competitive sport in which highly
skilled players face off in fast-paced video
games. Matches consist of intense, moment-
by-moment plays that require exceptional tech-
nique and strategy. These moments often in-
volve complex interactions, including team
fights, positioning, or strategic decisions, which
are difficult to interpret without expert expla-
nation. In this study, we set up the task of
generating commentary for a specific game mo-
ment from multimodal game data consisting
of a gameplay screenshot and structured JSON
data. Specifically, we construct the first large-
scale tri-modal dataset for League of Legends,
one of the most popular multiplayer strategy es-
ports titles, and then design evaluation criteria
for the task. Using this dataset, we evaluate var-
ious large vision language models in generating
commentary for a specific moment. We will
release the scripts to reconstruct our dataset.

� https://github.com/ArnoZWang/
esports-trimodal

1 Introduction

The esports industry has witnessed rapid global
growth (Jenny et al., 2017; Hallmann and Giel,
2018), highlighted by its inclusion in the Asian
Games since 2018 and the Olympic Esports Games
in 2027 (IOC, 2025). Esports matches in popular
titles like League of Legends (LoL), a leading mul-
tiplayer online battle arena (MOBA) game, feature
a continuous sequence of highly skilled, moment-
by-moment plays requiring exceptional technique
and strategic decision-making. For audiences to
fully appreciate these intense moments, expert com-
mentary is essential, as it helps interpret complex
player interactions, strategies, and game states.

Several studies have thus explored commentary
generation from esports game data (§ 2) (Tanaka
and Simo-Serra, 2021; Zhang et al., 2022; Wang
and Yoshinaga, 2024). These studies typically rely

Screenshot of “BUILDING_KILL” event, presenting a player
is taking an enemy building down:

Structured data record (in JSON format):
{
"type": "BUILDING_KILL",
"timestamp ": 839426 ,
"position ": "x4318y13875",
"killerId ": 4,
"assistingParticipantIds ": "",
"teamId ": 200,
"buildingType ": "TOWERBUILDING",
"laneType ": "TOPLANE",
"towerType ": "OUTERTURRET"

}

Textual game commentary:
Fighting everywhere, Jackeylove is just farming for himself.

Figure 1: Commentary generation for esports moments
from a gameplay screenshot and a structured JSON data
record. This is from the contests of League of Legends.

on either structured data (e.g., game logs, metadata)
or visual information (e.g., video frames) as input,
and focus on generating commentary for matches.
While such approaches have shown promise, they
do not fully capture the granular nature of esports,
where understanding often hinges on brief but criti-
cal moments. Although Zhang et al. (2022) studied
moment-level commentary generation, they rely
solely on structured data, failing to exploit the dual-
modality nature of esports game records, which
should be used together to interpret game moments.

To bridge this gap, this study sets up a task of
generating commentary for a specific esports mo-
ment (Figure 1) by leveraging multimodal game
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data, combining both static visual inputs (game-
play screenshots) and structured JSON data records.
Motivated by recent advances in vision-language
models (VLMs), our task explores how to effec-
tively integrate these complementary modalities
to produce concise, informative commentary and
challenges VLMs on their ability to perform this
integration. We construct the first large-scale tri-
modal dataset dedicated to League of Legends that
includes aligned visual, structured, and textual data
(§ 3). Additionally, we design evaluation metrics
that account for the unique challenges of esports
commentary, focusing on the accuracy, relevance,
and interestingness of the generated text (§ 4.2).

We evaluate both open- and closed-source large
vision-language models (VLMs) on our dataset to
analyze their capabilities in cross-modal esports
commentary generation (§ 4). Our experiments
confirm the importance of combining visual and
structured data to improve commentary quality and
reveal the challenges still faced by current models,
such as reducing inaccurate statements and captur-
ing the strategic content of gameplay moments.

The contributions of this paper are as follows:

• We set up the task of commentary generation
for League of Legends, one of the most popu-
lar esports titles, from multimodal game data
(§ 3); we built a dataset to facilitate research.

• We designed several human evaluation criteria
for this task (§ 4.2), and examined whether
these criteria can be captured by existing au-
tomatic metrics and LLM-as-a-judge results.

• We evaluated strong VLMs on our task (§ 4.3),
and confirmed the role of information pro-
vided by each data modality in esports com-
mentary generation (§ 5).

2 Related Work

In this section, we review existing tasks of data-to-
text generation for (e)sports games from game data.
We first discuss text generation from structured
data, followed by multimodal data.

Text generation for structured game data Prior
studies have focused on generating textual sum-
maries or commentaries for various games in-
cluding physical sports (e.g., basketball (Wise-
man et al., 2017) and football (van der Lee et al.,
2017; Taniguchi et al., 2019)), board games (e.g.,
shogi (Kameko et al., 2015) and chess (Jhamtani

et al., 2018)), and esports (e.g., Dota 2 (Zhang et al.,
2022) and League of Legends (Wang and Yoshi-
naga, 2024)). These data-to-text studies typically
transcribe structured game data, such as match
statistics, move expressions, and real-time action
records, into textual descriptions. A notable dif-
ference among these data-to-text tasks is the in-
formation density in the input data; while physical
sports provide mainly match statistics, board games
and esports provide more detailed, play-by-play
records, enabling commentary for each moment.
However, compared to turn-based board games, es-
ports games are fast-paced video games, making
generation solely from structured data more chal-
lenging (Zhang et al., 2022).

Game video captioning Another rich source for
game commentary generation is multimodal data,
in particular, gameplay videos. Early studies pri-
marily focused on match footage (video recordings)
of physical sports such as tennis (Yan et al., 2016),
basketball (Yu et al., 2018), baseball (Kim and
Choi, 2020), and football (Mkhallati et al., 2023;
Qi et al., 2023), where only videos provide de-
tailed information for individual game moments.
In these studies, automatic video captioning is used
to generate descriptions of actions within the video.
Meanwhile, some studies have leveraged esports
match videos to perform play-by-play commentary
generation and build visual data-to-text datasets
for League of Legends (LoL-V2T (Tanaka and
Simo-Serra, 2021)) and for Asseto Corsa, a racing
game (Ishigaki et al., 2021). However, the LoL-
V2T dataset does not include structured game data,
despite the fact that such data is a valuable source
for commentary generation. Although the Assetto
Corsa dataset contains structured data, it focuses
on a racing game, and the structured data contains
relatively simple numerical metadata.

In this study, we focus on generating commen-
tary for a specific esports moment in the multi-
player strategy game League of Legends. Unlike
previous work on Dota 2 (Zhang et al., 2022) and
LoL (Tanaka and Simo-Serra, 2021; Wang and
Yoshinaga, 2024), we leverage both a structured
data record and a screenshot (a single video frame)
to combine the strengths of these modalities. Our
proposed task and dataset offer a valuable bench-
mark for evaluating the capabilities of recent large
vision-language models (VLMs), particularly in
generating on-demand commentary for a specific
gameplay moment.
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Event type Number (Proportion) # keys Explanation

ITEM_PURCHASED 828 (24.0%) 3 The player purchases an item
ITEM_SOLD 60 (1.7%) 3 The player sells an item
ITEM_UNDO 20 (0.6%) 4 The player cancels the purchase of an item
ITEM_DESTROYED 704 (20.4%) 3 The player destroys an item
BUILDING_KILL 52 (1.5%) 8 The team destroys an enemy building
CHAMPION_KILL 100 (2.9%) 5 The player defeats an enemy champion
SKILL_LEVEL_UP 511 (14.8%) 4 The player upgrades a skill
WARD_PLACED 822 (23.8%) 4 The player places a ward
WARD_KILL 328 (9.5%) 3 The player destroys an enemy ward
ELITE_MONSTER_KILL 25 (0.7%) 4 or 5 The team defeats an elite monster

Total 3,450 (100.0%)

Table 1: Statistics of all ten types of game events in our LoL19-trimodal dataset.

3 Tri-modal Commentary Generation
Dataset for Esports Moments

We have built a multimodal commentary generation
dataset for esports moments in League of Legends
(LoL), one of the most popular multiplayer strategy
games. LoL is featured as medal events in 2022 and
subsequent Asian Games (Lam and Kuen Wong,
2024; Hong and Yi, 2024), highlighting its popular-
ity and the practical value of developing a dataset.

We begin by introducing LoL basics, and next de-
scribe our methods for extracting multimodal game
data with accompanying commentaries. Then, we
explain how we align these data across modalities
to obtain moment-commentary triples. Finally, we
compare our dataset to existing benchmarks.

3.1 Basics of LoL Data
In LoL games,1 two five-player teams compete on
a game map. Each player controls a unique charac-
ter called a “champion,” with distinct abilities that
grow stronger over time. The primary objective
is to destroy the opposing team’s base, called as
“Nexus,” while defending one’s own. Throughout
the game, players earn resources by defeating en-
emy champions, neutral monsters, and destroying
enemy structures. These resources can be used to
purchase items and upgrade champions’ abilities,
enhancing their impact on team strategy. Matches
typically last from fifteen minutes to over an hour,
depending on game pace, patch updates, and strate-
gies (Claypool et al., 2017).

Compared to physical sports and board games,
LoL presents greater complexity due to real-time
actions, rules specific to digital games, and multi-
modal challenges. These factors pose key obstacles
to game commentary generation.

1All references to LoL in this paper refer to its main game
mode, Summoner’s Rift; other game modes are not used.

3.2 Extracting Game Data and Commentaries

Following the existing studies on LoL commentary
generation (Tanaka and Simo-Serra, 2021; Wang
and Yoshinaga, 2024), we construct our dataset
using matches from the highest-level tournament
in the 2019 League of Legends World Champi-
onship. We adopt the same approach as the LoL19
dataset (Wang and Yoshinaga, 2024) to obtain the
structured data and commentaries, extending their
script2 to additionally extract screenshots.

Specifically, we collect game logs via the Riot
Games API of LoL3 as structured data and screen-
shots (video frames) from YouTube game videos as
additional input, while using subtitles as commen-
taries. These multimodal data are paired with the
match IDs provided by the contest’s Match History
site.4 Below, we detail these procedures.

Retrieving game data records via API The LoL
games from the 2019 World Championship5 record
every player action, accessible via the official Riot
Games API.3 Using this data, we can reconstruct
complete games. However, the full logs contain
redundant information, resulting in large data vol-
umes strain storage and processing resources.

To mitigate this issue, following LoL19 (Wang
and Yoshinaga, 2024), we use the “event-based
data frame” provided by the official API. In this
data frame, key actions are recorded based on dis-
crete events; Figure 1 shows an example of a game
event, and Table 1 presents an overview of various

2https://github.com/ArnoZWang/
esports-data-to-text

3https://developer.riotgames.com/
4https://lol.fandom.com/wiki/2019_Season_

World_Championship/Match_History
5The match history site changed its method of counting

games, which reduced the total from 220 to 120, even though
the set of matches remained the same. One match was ex-
cluded due to data corruption, resulting in 119 valid matches.
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Name Domain Input Modal # Games # Examples

RotoWire (Wiseman et al., 2017) basketball structured data 4,853 4,853
GameKnot (Jhamtani et al., 2018) chess structured data (game logs) 11,578 298,008
Dota2-Commentary (Zhang et al., 2022) esports structured data (game meta-data) 70 7,473
LoL19 (Wang and Yoshinaga, 2024) esports structured data (game logs) 220 3,490

LoL-V2T (Tanaka and Simo-Serra, 2021) esports video 157 9,723

LoL19-trimodal (ours) esports image, structured data (game logs) 120 3,450
Assetto Corsa (Ishigaki et al., 2021) racing game structured data, text, video 1,389 129,226
ScienceQA (Lu et al., 2022) science image, text N/A 6,532

Table 2: Statistics of our LoL19-trimodal dataset and existing datasets for related generation tasks.

types of events in the collected data. Each event
represents an update to the game state and includes
a key named “type” indicating the event type. Dif-
ferent event types contain different sets of keys.
The event-based data frames are stored in JSON
format, as shown in Figure 1.

As in the LoL19 dataset, we linearize the struc-
tured input to improve consistency. For each key-
value pair in the top-level list of each event, we
recursively concatenate the value and the key using
delimiter “|” and insert spaces between these key-
value pairs. For example, the “BUILDING_KILL”
event in Figure 1 is linearized as follows:

BUILDINGKILL|type 839426|timestamp
x4318y13875|position 4|killerId
|assistingParticipantIds 200|teamId
TOWERBUILDING|buildingType
TOPLANE|laneType OUTERTURRET|towerType

Collecting screenshots from game videos We
collect screenshots from YouTube videos for the
same matches as those used to obtain the structured
data records. Specifically, we capture all screen-
shots (video frames) in PNG format at the same
timestamps as the events in the structured data, re-
sulting in paired data across two modalities.

Gathering commentaries from game videos
Following LoL19 and LoL-V2T, we gather sub-
titles from YouTube contest videos. The subtitles
are then split into utterances using line breaks given
by YouTube’s automatic speech recognition (ASR)
results as cues, each of which utterances is regarded
as one commentary segment. To verify data quality,
we follow the approach from LoL19 (Wang and
Yoshinaga, 2024) by randomly sampling 200 ex-
amples. The resulting word error rate (WER) is
7.2, which is comparable to the WERs6 observed in
human transcriptions from standard ASR datasets,

6https://github.com/syhw/wer_are_we

confirming that the data is sufficiently clean for
use. To further enhance quality, we applied sim-
ple LLM-based post-processing to recover missing
punctuations and correct grammatical errors, as
detailed in Appendix A.

3.3 Aligning Game Data and Commentaries
After obtaining paired game data (a structured data
record and a screenshot for each event) and com-
mentary segments, we align the inputs and outputs
based on timestamps, resulting in a total of 171,460
examples from the 2019 League of Legends World
Championship. Since each game contains hundreds
to thousands of events, we apply random sampling
during alignment to keep the dataset compact and
suitable for efficient benchmarking:

Step 1: Divide the paired game data by times-
tamps into one-minute intervals, following
LoL-V2T (Tanaka and Simo-Serra, 2021) and
LoL19 (Wang and Yoshinaga, 2024), and ran-
domly select one data point per interval.

Step 2: For each selected game data from Step 1,
extract the commentary segment that begins
immediately after its timestamp as the corre-
sponding commentary, forming a single exam-
ple (a multimodal triple) for our task.

This procedure yields approximately 30 exam-
ples per game, resulting in 3450 examples. To
ensure the quality of timestamp-based alignment,
we randomly selected 100 examples and manually
verified whether the commentaries corresponded
to the selected game data. Among them, 97% (97
out of 100) exhibited satisfactory alignment, with
the commentaries accurately describing the corre-
sponding game data; the remaining three showed
minor misalignment but were still suitable for use.

Statistics Table 2 lists the statistics of our dataset
and several existing datasets for related text gen-
eration tasks. The average number of words in
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commentaries is 15.5. Our dataset is the first tri-
modal commentary generation dataset for multi-
player strategy esports, consisting of three modali-
ties including images, structured data, and text. It
contains a comparable number of examples to exist-
ing esports data-to-text datasets. Note that although
our dataset is based on similar sources as LoL19
and LoL-V2T, it is neither a subset nor a superset
of them. To support the research community while
respecting copyright constraints, we take the com-
mon approach of releasing scripts for collecting
and processing the data to reproduce our dataset.

4 Experiments

In this section, we conduct experiments on com-
mentary generation for esports moments from
multimodal game data using our LoL19-trimodal
dataset. We evaluate the performance of open- and
closed-source large vision-language models using
automatic metrics and human judgments.

4.1 Settings

Dataset We split our LoL19-trimodal dataset into
training, validation, and test sets with an approxi-
mate ratio of 8:1:1, resulting in 2750:350:350 ex-
amples.7 The split follows the natural chronologi-
cal order of the games.

Models We evaluate five vision-language models
(VLMs) on our task. Three open-source models
are Llama2-7B and Llama2-13B combined with
BLIP-2 vision encoder (Llama2-7B + BLIP-2
and Llama2-13B + BLIP-2) and Qwen2.5-VL-
7B. Two closed-source models are GPT-4o and
Gemini-2.0-Flash. For the Llama2 models, follow-
ing the implementation used in MiniGPT-4 (Zhu
et al., 2024), we use the pre-trained vision com-
ponents of BLIP-2 (Li et al., 2023) as the vision
encoder and Llama2 (Touvron et al., 2023) as the
text decoder, which are fine-tuned on the training
split using QLoRA (Dettmers et al., 2023), while
Qwen2.5-VL-7B8 and the closed-source models
are evaluated under zero-shot settings. Refer to
Appendix B for links to the five VLMs, training
details, including hyperparameters, optimizer, and
QLoRA settings for the open-source VLMs, as
well as the task instructions for the closed-source
models.

7We manually check data alignment for all 350 examples
in the test set, confirming there are no notable misalignments.

8We were unable to successfully fine-tune Qwen2.5-VL-
7B, likely due to limitations in the current training setup.

We also conducted an ablation study using sev-
eral selected models by providing single modal
inputs (§ 5.1). Additionally, T59 was used to evalu-
ate generation solely from structured data inputs.

4.2 Evaluation Procedure

We use both automatic metrics and human judg-
ments to evaluate the VLMs on our task. For auto-
matic metrics, we adopt existing reference-based
metrics commonly used in game data-to-text gener-
ation tasks. Given the unique characteristics of mul-
tiplayer strategy esports, we design three evaluation
criteria for human judgments to comprehensively
assess system outputs against the references.

Automatic metrics We adopt the automatic met-
rics used in recent data-to-text generation stud-
ies (Liu et al., 2025; Long et al., 2025; Zhang
et al., 2024; Alonso and Agirre, 2024; Saha et al.,
2023), especially in commentary generation for
LoL19 (Wang and Yoshinaga, 2024), which built
upon common metrics from related studies (§ 2).
The metrics are BERTScore (Zhang et al., 2020),10

BARTScore (Yuan et al., 2021),11 sacreBLEU (Pa-
pineni et al., 2002; Post, 2018),12 and text dis-
tance (normalized Damerau-Levenshtein (Brill and
Moore, 2000)).13 Although these metrics corre-
lated with human judgments on strategic depth in
the experiments on the LoL19 dataset (Wang and
Yoshinaga, 2024), the latter two metrics have been
reported to correlate poorly with human relevance
scores for text generation tasks (Wiseman et al.,
2017; Novikova et al., 2017). Therefore, we ex-
clude evaluation results with these metrics from the
main results; refer to Appendix D for the results.

Human judgments against reference The auto-
matic metrics capture only a limited aspect of the
quality of the system outputs. Given the unique
characteristics of multiplayer strategy esports, we
need diverse evaluation criteria that highlight dif-
ferent aspects of commentary quality. For instance,
LoL19 (Wang and Yoshinaga, 2024) introduces
strategic depth to assess the strategically relevant
content in the system outputs. GameKnot (Jham-
tani et al., 2018) conducts a human evaluation to
measure correctness, relevance, and fluency.

9https://huggingface.co/t5-base
10https://pypi.org/project/bert-score
11https://github.com/neulab/BARTScore
12https://github.com/mjpost/sacrebleu
13https://github.com/life4/textdistance
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Models
Human judgments against reference Automatic metrics

Relevance Inspiration Interestingness BERTScore BARTScore

T5 (no visual input) 36.50 13.00 11.25 78.60 -5.60

Llama2-7B + BLIP-2 36.50 29.75 15.00 79.62 -5.01
Llama2-13B + BLIP-2 47.75 35.00 20.00 81.19 -4.80

w/o visual input 43.50 31.50 19.50 80.07 -4.92
w/o data record 40.00 32.50 19.00 80.10 -4.86

zero-shot settings
Qwen2.5-VL-7B 39.50 30.00 17.50 79.87 -4.95
Gemini-2.0-Flash 39.50 30.00 20.50 80.01 -4.82
GPT-4o 41.00 35.00 20.75 80.10 -4.97

w/o visual input 40.25 29.75 18.50 80.05 -5.01
w/o data record 39.00 34.50 20.25 80.01 -5.00

Table 3: Results of commentary generation for esports moments with the LoL19-trimodal dataset: the best results
are in bold and the second best results (except ablated models) are underlined.

In this study, we deconstruct the concept of
strategic depth in LoL19 and elaborate on it
through the following three criteria, each highlight-
ing concrete aspects of moment-level commentary:

Relevance assesses how well the system output
aligns with the input game data in terms of
factuality. It verifies whether the content
faithfully reflects the information in the in-
put. High relevance ensures that the output is
factual and consistent with the source data.

Inspiration evaluates the ability of the system out-
put to provide creative insight. Commentary
that analyzes of the game situation or a sum-
mary of the players’ actions and intentions
is considered more inspiring. High inspira-
tion can enhance the content’s usefulness in
understanding the strategies employed by pro-
fessional players.

Interestingness focuses on how captivating and
engaging the system output is to the audience.
It considers elements like clarity, narrative
flow, and rhetorical devices. Interestingness
often reflects the balance between creativity
and readability, making the commentary ap-
pealing and enjoyable to watch.

We recruit three graduate students as human
judges. They have substantial experience with
our target game, League of Legends, and can read-
ily comprehend its game commentaries in English.
Each judge has watched at least three full seasons
of the World Championship (especially, including
the 2019 event), and have played more than 100
matches in the season preceding the annotation.

All judges have previously reached at least Plat-
inum rank, corresponding to approximately the top
30% of players. Additionally, an LLM-based agent
(GPT-4o) acts as the fourth annotator to provide
a consistent and scalable baseline for comparison
across examples, and to explore the feasibility of in-
tegrating automated judgment into a more efficient
evaluation pipeline.

The evaluation follows a comparison-based pro-
tocol. For 200 randomly selected examples, four
annotators compared each system output with its
corresponding reference and chose the better one
for each aspect (refer to Appendix C for the com-
plete instructions used for human evaluation). We
report the percentage of times the system outputs
were preferred, averaged across annotators. Scores
range from 0 to 100, where 50 indicates parity with
the reference.

4.3 Results

Table 3 lists the evaluation results of the five VLMs
on our LoL19-trimodal dataset (the evaluation re-
sults of sacreBLEU and text distance are presented
in Appendix D for reference only). The fine-tuned
Llama2-13B + BLIP-2 outperformed other models
including strong zero-shot VLMs, partially vali-
dating the usefulness of our dataset for training
purposes. The VLMs achieve comparable perfor-
mance to professional commentary in terms of rel-
evance and struggle to compete in terms of inspi-
ration, while they fall short when it comes to in-
terestingness. Closed-source VLMs outperform
fine-tuned open-source models in inspiration. In
addition, the comparison between Llama2-7B +
BLIP-2 and -13B revealed that larger VLMs are
relatively effective.
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Notably, the results from automatic metrics
mostly align with human evaluations in terms of
relevance. However, for the other two aspects, in-
spiration and interestingness, the automatic metrics
show less consistency, indicating the importance of
human judgments.

5 Analysis

In this section, we provide a more in-depth analysis
of the results and discuss the remaining challenges
associated with this task. In what follows, we focus
on analyzing the results of two competing VLMs,
including Llama2-7B + BLIP-2 and GPT-4o.

5.1 Ablation Study

To assess the impact of each input modality on
commentary generation, we perform ablation stud-
ies which removes one modality from the input:
visual input is replaced with a blank image, and
structured data with a placeholder token. All model
variants are trained and evaluated under the same
LoL19-trimodal setup to ensure comparability.

Table 3 presents the ablation results. Incorporat-
ing bi-modal inputs consistently improves perfor-
mance across all evaluation metrics, demonstrating
the benefits of multimodal integration for esports
commentary generation. A closer examination of
the human evaluation results reveals the distinct
contributions of each modality: structured data
plays a more crucial role in generating relevant
commentary, whereas visual input contributes more
to producing inspiring commentary.

Furthermore, we conduct a McNemar’s test (for
human evaluations) and a Wilcoxon signed-rank
test (for automatic metrics) to assess the statistical
significance of the difference between the Llama2-
13B + BLIP-2 model with and without visual input.
The resulting p-values for the three human evalu-
ation metrics, including Relevance, Inspiration,
and Interestingness, are 0.008, 0.008, and 0.052,
respectively; the results for the automatic metrics,
including BERTScore and BARTScore, are 0.016
and 0.040, respectively. Most results indicate sta-
tistically significant differences (p ă 0.05), with
several demonstrating even stronger significance
(p ă 0.01). These findings underscore the value of
our tri-modal dataset and evaluation criteria.

5.2 Examples of System Outputs

Figure 2 shows an example of system outputs for
the same gameplay moment as shown in Figure 1,

Screenshot of “BUILDING_KILL” event, presenting a player
is taking an enemy building down:

Structured data records:
{
"type": "BUILDING_KILL",
"timestamp ": 839426 ,
"position ": "x4318y13875",
"killerId ": 4,
"assistingParticipantIds ": "",
"teamId ": 200,
"buildingType ": "TOWERBUILDING",
"laneType ": "TOPLANE",
"towerType ": "OUTERTURRET"

}

Reference: Fighting everywhere, Jackeylove is just farming
for himself.

Llama2-13B + BLIP-2: The IG top laner has taken a risky
move by pushing too far forward and getting caught out by the
cunning FPX jungler, leading to a costly Building Kill for IG.

GPT-4o: At 13:34 in Game 3 of the 2019 World Champi-
onship Semifinals between Invictus Gaming (IG) and Fun-
Plus Phoenix (FPX), IG’s JackeyLove pressures the top lane
alone and takes down FPX’s outer turret, marking a BUILD-
INGKILL event in the TOPLANE–a small but crucial step
toward regaining map control despite IG trailing 5-12 in kills
and over 3k gold.

Figure 2: System outputs for BUILDING_KILL event.

regarding a BUILDING_KILL event. In this exapmle,
the system outputs correctly describe the core event
where a player is taking an enemy building down
on the top lane of the game map. However, sev-
eral issues are remaining, mainly including un-
clear expressions (Llama2-13B + BLIP-2: “push-
ing too far forward”), unusual terminology in nat-
ural language (Llama2-13B + BLIP-2: “Build-
ing Kill”, GPT-4o: “BUILDINGKILL”), and low-
information statements (GPT-4o: “At 13:34 in
Game 3 of the 2019 World Championship Semi-
finals . . . ”). Additionally, it is worth noting that
the systems tend to produce overly long yet insuffi-
ciently informative commentary. To generate more
professional and concise outputs, we may need to
increase the amount of training data or provide
more detailed instructions that clearly describe the
characteristics of human commentary.
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Screenshot of “ITEM_PURCHASED” event, presenting a
player is purchasing an item:

Structured data records:
{
"type": "ITEM_PURCHASED",
"timestamp ": 2067324 ,
"participantId ": 7,
"itemId ": 2420

}

Reference: I think fudges gangplank has looked generally
strong King is hitting close to full item.

Llama2-13B + BLIP-2: MMM player in the middle lane has
just purchased an item, at timestamp 7, with participant ID
2420.

GPT-4o: At 34:26 in this 2019 World Championship Play-In
match between MAMMOTH and Unicorns of Love, MMM
holds a solid lead with an 8k gold advantage and map pres-
sure. A recent ITEMPURCHASED event by participant 2420
(likely MMM King on Kai’Sa) further boosts their late-game
power, strengthening their chances of closing out the game as
they push mid against a struggling UOL defense.

Figure 3: System outputs for ITEM_PURCHASED event.

Figure 3 shows another example regarding an
ITEM_PURCHASED event. Related types of events
typically have only a limited impact on the overall
progression of the game and are not usually the
main focus of audience attention. As a result, we
observe that human commentary tends to offer rel-
atively general descriptions, rather than offering
details for such events. This insight leads us to a
broader discussion on the performance of genera-
tion across event types in the following section.

5.3 Quality Variations across Event Types

Based on our LoL19-trimodal and several prior
studies (Zhang et al., 2022; Wang and Yoshinaga,
2024), we observe a dominance of certain event
types. For example, “ITEM_PURCHASED” accounts
for 24.0% of the dataset (Table 1), despite having
limited impact on the game progression. Gener-
ating commentaries for such frequent yet less im-
portant events is challenging for both humans and
models. In contrast, rarer but more informative
events like “BUILDING_KILL” (1.5%) often corre-

Event type Relevance Inspiration Interestingness

ITEM_PURCHASED 50.00 35.00 21.67
ITEM_DESTROYED 48.91 34.78 20.65
CHAMPION_KILL 70.83 41.67 29.17
SKILL_LEVEL_UP 40.63 35.42 19.80
WARD_PLACED 36.36 34.09 25.00
WARD_KILL 46.15 34.62 21.15

Table 4: Human judgements on results of Llama2-13B
+ BLIP-2 on LoL19-trimodal for common event types.

spond to pivotal moments that can affect the entire
game. To address this imbalance, we further evalu-
ate the model performance across each event type
in LoL19-trimodal. Specifically, we compute the
percentage of times the system outputs were pre-
ferred for examples of each event type, using the
method explained in § 4.1.

Table 4 lists the evaluation results for exam-
ples in common event types. Among these event
types, “CHAMPION_KILL” stands out as a relatively
information-rich and important event, and the
Llama2-13B + BLIP-2 successfully generated bet-
ter commentary than the reference. In the current
LoL19-trimodal dataset, the original distribution of
event types was preserved through the random sam-
pling process (§ 3.3). However, since the impor-
tance of different event types varies, future versions
of the dataset can be optimized by first manually
specifying key event types (e.g., BUILDING_KILL)
to retain such events in full, while reducing over-
whelming and less important ones.

5.4 Applicability of LLM-as-a-judge

Given the rapid advancement of LLM-as-a-judge
evaluation, recent studies have shown that LLMs,
such as GPT-4, can serve as reliable proxies for
human evaluators across various natural language
generation (NLG) tasks (Zheng et al., 2023; Gu
et al., 2024). Accordingly, we incorporated an
LLM-based agent into the procedure of human
judgements to act as an additional annotator (§ 4.2).

To validate the reliability of this approach in our
task, we computed both inter-human agreement and
overall agreement including both humans and the
LLM judge for the outputs of Llama2-13B + BLIP-
2, using Fleiss’ κ (Fleiss, 1971). For the three
evaluation aspects of Relevance, Inspiration, and
Interestingness, the inter-human agreements are
0.492, 0.482, and 0.371, while the overall agree-
ments, including the LLM annotator (GPT-4o), are
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0.511, 0.440, and 0.357.14 These similar scores
demonstrate a reasonable alignment between hu-
mans and the LLM, supporting the feasibility of
using LLM-based assessments as a supplementary
evaluation method. In future work, the role of
LLMs as evaluators can be further explored and
extended to a larger test set.

6 Conclusions

This study set up a new task of commentary gener-
ation for esports moments from multimodal game
data: structured game data and gameplay screen-
shots. We collected game data and commentaries
from online sources for one of the most popular
esports, League of Legends, to construct the first
tri-modal commentary generation dataset aligned
at the moment level. We also designed evaluation
metrics to assess generation performance, reflect-
ing the unique characteristics of esports and the
role of game commentary. Using our dataset, we
evaluated several strong vision-language models
and showed that combining structured and visual
data improves generation quality.

For future work, we plan to extend our dataset
to other languages such as Chinese, Korean, and
European languages, which are widely spoken in
regions with large esports audiences. Another im-
portant direction is to build a tri-modal commentary
dataset for live commentary generation, where the
system detects events that require commentary and
generates responses in real time.

Limitations

This work addresses commentary generation for
esports moments in multiplayer strategy games.
While the study introduces a novel dataset using
the multimodal data collected from a representative
esports game, League of Legends, it does not yet
consider other esports genres at this stage.

Moreover, although our task is beneficial for the
audience and players to obtain commentary for
esports moments on demand, live commentary gen-
eration for esports game videos can also go a long
way towards improving audience’s viewing expe-
rience. Although our research does not focus on
video-to-text generation at the current stage, our
data extraction methods and scripts are capable
of collecting dynamic video clips if needed. Al-
ternatively, another potential approach is to use

14The low κ for interestingness may be the subjective
nature of this aspect.

a sequence of game screenshots, where multiple
images correspond to a single structured data in-
put, combining the benefits of static images and
dynamic videos.

In the end, recent advancements in esports com-
mentary generation have mostly focused on En-
glish, despite the fact that esports enjoys a vast and
growing global audience, particularly in regions
such as China, South Korea, and various European
countries (Mangeloja, 2019; Lam and Kuen Wong,
2024). This highlights the lack of multilingual sup-
port in esports-related NLG, which hinders model
generalizability across languages and cultures. Al-
though our dataset is English-only, commentary
in other languages (e.g., Chinese livestreams15)
is readily available. With the rise of LLM-based
machine translation (Xu et al., 2024), integrating
multilingual data has become increasingly feasible,
paving the way for future cross-lingual research in
esports commentary generation.

Ethics Statement

In obtaining data for our LoL datasets, we strictly
followed the policies of RiotGames API and
YouTube. The former is the publisher of LoL
game data records. The latter supplied the screen-
shots and subtitles of LoL contest videos. To re-
spect copyright constraints, we take the common
approach of releasing scripts for collecting and pro-
cessing the data to reproduce our dataset (Wang and
Yoshinaga, 2024; Tanaka and Simo-Serra, 2021).

Further ethical concerns related to the game con-
tent (e.g., video game content rating) refer to ESRB
Rating.16 The game is rated as “Teen,” indicating
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vision-language understanding with advanced large
language models. In The twelfth International Con-
ference on Learning Representations.

A Methods for Improving the Quality of
Collected Commentaries

Although we have demonstrated that the collected
commentaries are of usable quality via the word er-
ror rate (WER) metric (§ 3), we applied additional
post-processing techniques to further improve their
quality. Specifically, we employ GPT-based meth-
ods with minor manual corrections to enhance the
commentary data, addressing inserting appropri-
ate punctuations and correcting grammatical errors.
Below is an example prompt used for this process:

Example prompt for improving the quality
of collected commentaries

You are a knowledgeable expert in the field
of esports game League of Legends (LoL) and
its contests.

We would like you to read a commentary on
a piece of an LoL game. Please review
the following commentary and improve its
quality by adding appropriate punctuations
and correct grammatical errors. Only output
the improved result in one single paragraph,
without explanatory sentences and quotation
marks.

For example, in Figure 1, the original commen-
tary sentence collected from subtitles of game
videos is “fighting everywhere jackeylove is just
farming for himself ”. After post-processing, it
becomes “Fighting everywhere, Jackeylove is just
farming for himself.” as shown in Figure 1. We
will release scripts for obtaining both styles of the
game commentaries.

B Training Details

For the VLMs used in our experiments, we adopt
the same settings as in LoL19 (Wang and Yoshi-
naga, 2024) and MiniGPT-4 (Zhu et al., 2024).
Specifically, for T5,17 we set the decoder dropout to
0.5, the number of training steps to 10,000, and the
learning rate to 0.001; it applies Adam optimizer
(β1 “ 0.9, β2 “ 0.999); all other hyperparame-
ters follow their default settings. For Llama2-7B
+ BLIP-218 and -13B,19 the training is based on

17https://huggingface.co/google-t5/t5-base
18https://huggingface.co/meta-llama/

Llama-2-7b
19https://huggingface.co/meta-llama/

Llama-2-13b

the first-stage outcomes of MiniGPT-4; the pre-
trained vision encoder and LLM remain frozen,
with only the linear projection layer undergoing
training; Llama2 applies QLoRA (Dettmers et al.,
2023) fine-tuning with 4-bit precision and a LoRA
dropout of 0.1.

For Qwen2.5-VL-7B20 and close-sourced mod-
els (GPT-4o21 and Gemini-2.0-Flash22), we employ
zero-shot prompting using the prompt as follows:

Prompt for generating commentaries

You are a knowledgeable expert in the field
of esports game League of Legends (LoL) and
its contests.

This image is a screenshot showing a
moment of a game in the 2019 Season World
Championship of League of Legends (LoL).

The following is the structured data record
that corresponds to the game moment shown in
this screenshot: [insert input structured
data here].

Based on the screenshot and the data record,
write a short commentary to describe them
within one or two sentences.

C Human Scoring Instructions

The instructions used for human scoring (§ 4.2) is
as below:

Human scoring instructions

The definition of [Relevance] /
[Inspiration] / [Interestingness] is:

[It assesses how well the generated result
aligns with the input data. It measures
whether the content faithfully reflects
the information provided by the input.
High relevance ensures that the output
is factual and consistent with the source
data.] /

[It evaluates the ability of the generated
result to provide creative insights.
Specifically, commentary that includes
an analysis of the game situation or
a summary of the players’ actions and
intentions is considered more inspiring.
High inspiration can enhance the content’s
usefulness in understanding the strategies
employed by professional players.] /

20https://huggingface.co/Qwen/Qwen2.
5-VL-7B-Instruct

21https://chatgpt.com
22https://cloud.google.com/vertex-ai/

generative-ai/docs/models/gemini/2-0-flash
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[It focuses on how captivating and engaging
the generated result is to the audience.
It considers elements like clarity,
narrative flow, and rhetorical devices.
Interestingness often reflects the balance
between creativity and readability, making
the commentary appealing and enjoyable to
watch.]

This image is a screenshot showing a
moment of a game in the 2019 Season World
Championship of League of Legends (LoL).

The following is the structured data record
that corresponds to the game moment shown
in this screenshot: [structured data].

Based on the screenshot and the data record,
there are two commentaries describing them:
[commentary A], [commentary B].

According to the definition of [Relevance]
/ [Inspiration] / [Interestingness], choose
which commentary has a higher [Relevance]
/ [Inspiration] / [Interestingness].

D Automatic Metrics

Models sacreBLEU Text distance Ó
T5 (no visual input) 3.2 74.60

Llama2-7B + BLIP-2 5.1 70.01
Llama2-13B + BLIP-2 10.2 68.85

w/o visual input 9.1 69.97
w/o data record 9.0 69.10

zero-shot settings
Qwen2.5-VL-7B 5.9 72.00
Gemini-2.0-Flash 8.2 70.50
GPT-4o 6.2 69.37

w/o visual input 5.8 69.43
w/o data record 6.1 69.40

Table 5: Results of commentary generation for esports
moments with the LoL19-trimodal dataset over sacre-
BLEU and text distance: the best results are in bold
and the second best results (except ablated models) are
underlined.

Metrics Relevance Inspiration Interestingness

BERTScore 0.431 0.418 0.301
BARTScore 0.408 0.355 0.294
sacreBLEU 0.306 0.274 0.217
text distance 0.289 0.288 0.176

(inter-human) 0.492 0.482 0.371

Table 6: Results of agreement between human ratings
and automatic metrics. The results are gathered by com-
paring the pairwise ranking of the same outputs, as
determined by each metric, using Fleiss’ κ.

Table 5 lists the evaluation results over sacre-

BLEU and text distance. As discussed in § 4.2,
they are provided for reference only and are not
primary metrics.

Furthermore, following § 5.4, we evaluate the
agreement between human ratings and automatic
metrics by comparing the pairwise ranking of the
same outputs, as determined by each metric, us-
ing the outputs of Llama2-13B + BLIP-2. Table 6
lists the results. As can be observed from the re-
sults, the values of sacreBLEU and text distance are
relatively low. This finding is consistent with the
conclusion drawn in § 4.2, namely that automatic
metrics such as sacreBLEU and text distance have
been found correlate poorly with human ratings for
language generation tasks (Wiseman et al., 2017;
Novikova et al., 2017).
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