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Abstract

Automatic soccer commentary generation aims
to bridge the gap between raw visual content
and professional, tactical commentary. How-
ever, existing datasets tend to produce incom-
plete commentary that lacks semantic richness
and fails to convey the full visual informa-
tion present in standard video clips. To ad-
dress these limitations, we propose two man-
ually curated datasets: SN-Short, which en-
hances scene-level semantic descriptions, and
SN-Long, which captures event continuity for
context-aware commentary. Based on these, we
design a commentary augmentation pipeline
that transforms incomplete annotations into
MatchText, a semantically complete and struc-
turally standardized dataset. Leveraging this
supervision, we introduce MatchAware, a gen-
eration model that incorporates contextual cues
from previous events to produce coherent com-
mentary aligned with the visual flow of the
game. Experimental results show that pro-
posed approach significantly outperforms exist-
ing baselines on the constructed datasets.

1 Introduction

Recent advances in large language models (LLMs)
and vision-language models (VLMs) have sparked
growing interest in the automatic generation of soc-
cer commentary. To support this research direction,
the SoccerNet dataset (Giancola et al., 2018) has
been proposed for soccer video analysis tasks such
as action recognition (Silvio Giancola, 2021), cam-
era calibration (Anthony Cioppa, 2021), etc. Based
on SoccerNet, both SoccerNet-Caption (Mkhallati
et al., 2023) and SoccerReplay-1988 (Rao et al.,
2025b) provide concise timestamped commentaries
from live text websites, with the latter offering a
substantially larger corpus. To address timestamp
misalignment in SoccerNet-Caption, a follow-up
study release SN-Caption-test-align and further au-
tomatically correct the full dataset as MatchTime.
They also propose MatchVoice, a generation model
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to evaluate soccer commentary quality (Rao et al.,
2024).

Datasets such as GOAL (Qi et al., 2023) and
SoccerNet-Echoes (Gautam et al., 2024) provide
human-transcribed commentaries from match au-
dio, offering richer prose that spans entire games.
However, those audio-based transcripts suffer from
background noise and colloquial phrasing, making
them suboptimal for fine-grained captioning.

Existing methods for soccer commentary gener-
ation typically rely on video—text pairs from short
(30~60s) clips with brief annotations (Mkhallati
et al., 2023; Rao et al., 2024; Li et al., 2025). These
annotations are usually collected from live text
websites and are designed to highlight key events
within each clip. As a result, they are typically
restricted to a single concise sentence, averaging
around 24 words. While sufficient for event spot-
ting, such brevity fails to capture the rich visual
context, providing only coarse-grained supervision
for commentary generation.

Furthermore, existing datasets fail to model tem-
poral continuity between events. By treating each
play or video clip separately, they produce frag-
mented descriptions that lack connective structure
and contextual awareness of the flow of the game.
Consequently, current methods produce only frag-
mented, moment-level commentary, with no ca-
pacity to reference past events or connect ongoing
plays to earlier developments—these crucial ele-
ments of expert-level sports narration that are still
absent in current approaches.

To address the above limitations, we introduce
two manually curated datasets: SN-Short and SN-
Long. SN-Short enriches scene-level textual de-
scriptions to bridge the gap between rich visual
content and concise annotations. SN-Long, built
upon SN-Short, connects related events to capture
temporal continuity and contextual flow, as illus-
trated in Figure 1. Based on these datasets, we con-
struct a new dataset, MatchText, obtained by aug-
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SN-Caption (Mkhallati et al.2023):

Dwight Gayle (Crystal Palace) launches a cross from the caner, byt—Dav1d Ospina is alert to thwart the effort.

SN-Short (ours):

Dwight Gayle (Crystal Palace) launches a cross fr‘%,the cor‘ner‘, but David Ospina is alert to thwart the effort. The

cross was aimed at the far post,
SN-Long (ours):

but the keeper stood firm and cleared the danger.

SN-Caption (Mkhallati et al.2023):
Goal! Olivier Giroud (Arsenal) fires the rebound inside the right post after the ball breaks‘fb him in the box.

The score is 0:2.
SN-Short (ours):

Goal! Olivier Giroud (Arsenal) fires the rebound inside the ri

The score is 0:2. The away fans erupt in joy
AEEEEEEN LR S NS NSNS EEEENEEEEEEEER
" SN-Long Cours):

celebrat1ng
L]

ht p'ost/after the ball breaks to him in the box.

the crucial goal Just before halftime.
EEEEER EEER

m SN-Short + Both sides have been creating scoring opportunities, with the keepers making key saves at both ends.

" But it's the away team who made theirs count.
hssssssssEEndnEnEn

Figure 1: Examples of different dataset contents. Our manually constructed SN-Short dataset contains more detailed
and semantically dense commentaries, while SN-Long enhances coherence and tactical depth by leveraging prior

event annotations.

menting incomplete scene-level annotations with
fine-grained semantic information grounded in the
video. Furthermore, we propose MatchAware, a
commentary generation model that retrieves rele-
vant historical visual events to produce fluent and
temporally grounded commentary. Our main con-
tributions are summarized as follows:

* We propose a new task for generating seman-
tically rich and context-aware soccer commen-
tary, and construct two high-quality datasets,
SN-Short and SN-Long,' to support deep scene
understanding and event continuity.

* We develop a commentary augmentation
pipeline to construct MatchText, a large-scale
dataset with semantically complete and struc-
turally standardized soccer commentary.

* We propose MatchAware, a memory-
augmented commentary generation model
that retrieves relevant historical visual events
to generate coherent and context-aware
commentary.

* We conduct extensive experiments demonstrat-
ing that the proposed approach significantly out-
performs existing baselines on both proposed
datasets across multiple evaluation metrics.

'Data  is available at
JAIST-KnOWLab/Augmented_Soccer

https://github.com/

2 Related Work

Sports Commentary Generation Early sports
commentary generation focuses on structured data
using template- or rule-based systems (Taniguchi
et al., 2019; Kumano et al., 2019; Sadikov et al.,
2006), which lack interpretability of visual con-
tent. With neural networks and LLMs, LLM-
Commentator (Cook and Karakug, 2024) fine-tunes
OpenLLaMA on textual logs. In multimodal set-
tings, early work adopts modular pipelines that ex-
tract visual cues to populate predefined templates
(Kim and Choi, 2020). SoccerNet-Caption (Mkhal-
lati et al., 2023) is a milestone with 37k short com-
mentaries collected from text live website aligned
to videos, later refined by MatchTime (Rao et al.,
2024) for temporal precision. UniSoccer (Rao et al.,
2025b) expands the dataset scale as SoccerReplay-
1988 and unifies classification and generation tasks,
while TimeSoccer (You et al., 2025) explores end-
to-end match-level captioning. SoccerComment
(Li et al., 2025) retrieves similar past scenes and
leverages commentary paradigms to improve gen-
eration accuracy. Some corpora, including GOAL
(Qi et al., 2023) and SoccerNet-Echoes (Gautam
et al., 2024), provide long-form human-transcribed
narratives, which are valuable for training but face
challenges in alignment, consistency, and noise.

Retrieval-Augmented Multimodal Generation
Retrieval-Augmented Generation (RAG) models
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Dataset Commentaries(Games) Manual Verification Event Anchored Historical Avg Len
GOAL —(20) v X X -
SN-Caption-test-align 3.2k (49) v 4 X 23.41
SN-Short (Ours) 2.8k (47) v v X 35.10
SN-Long (Ours) 5k (47) v v v 57.81
MatchText (Ours) 27k (424) X v X 34.97
SN-Caption 37k (471) X v X 23.18
MatchTime 33k (422) X v X 24.01
SN-Echoes - (471 X X X -
SoccerReplay-1988 150k (1988) X v X -

Table 1: Summary of soccer commentary datasets. Commentaries (Games) is the number of video-text pairs (‘-’
means no event anchoring, so commentary count is unavailable). Manual Verification shows whether annotations
are manually checked. Event Anchored shows whether commentaries are aligned with specific match events.
Historical (v = Yes, &= Partial, X = No) denotes inclusion of contextual information. Avg Len is the average word
count per event. ‘=" for SoccerReplay-1988, which is not publicly available.

have been widely studied in natural language pro-
cessing by retrieving relevant external knowledge
to augment generation (Lewis et al., 2020). Re-
cently, RAG has been adapted to multimodal tasks.
Models like RA-CM3 (Yasunaga et al., 2023) and
REVEAL (Hu et al., 2023) show that retrieving rel-
evant image-text pairs can improve performance on
visual question answering and multimodal genera-
tion. In the domain of soccer commentary genera-
tion, GOAL (Qi et al., 2023) incorporates external
knowledge retrieval to enhance the informational
richness of commentaries. SoccerAgent (Rao et al.,
2025a) further employs retrieval techniques to con-
struct a comprehensive soccer agent for question
answering tasks. Different from these, we focus
on retrieval over event-level visual context within
the match itself. By retrieving historically relevant
visual events, our method generates analytical and
in-depth commentaries that reflect match dynamics
and tactical interpretations.

3 Benchmark Curation

We manually curate SN-Short and SN-Long to ad-
dress the issues mentioned above by progressively
enhancing the quality of commentary for 47 soc-
cer games. SN-Short provides detailed and se-
mantically rich scene-level commentaries, while
SN-Long builds upon SN-Short by linking related
events to construct context-aware commentaries
with temporal continuity. All annotations are man-
ually verified and refined by three soccer fans with
over 10 years of experience. Our datasets are
the largest soccer commentary benchmarks with
manual verification to date. Table 1 summarizes
key characteristics of soccer commentary datasets
in comparison with existing datasets. Details of
dataset construction are provided in Appendix A.1.

3.1 SN-Short

To address the limitations of existing datasets
in providing informative and detailed commen-
tary within a video clips, we construct SN-Short
by leveraging SoccerNet-Caption and SoccerNet-
Echoes. The former provides brief event-
timestamped commentaries, while the latter offers
dense human-transcribed narratives without event-
anchored alignment. These datasets are comple-
mentary in nature. For each timestamped event in
SoccerNet-Caption, we retrieve transcripts from
SoccerNet-Echoes(x15s window). Given that the
transcripts are fragmented and highly colloquial,
we first manually remove irrelevant/noisy segments.
The remaining content is then consolidated using
LLaMA3 (Dubey et al., 2024) as an additional
context, appended to the original caption, subse-
quently reviewed and refined by annotators for flu-
ency and consistency. We also discard visually
irrelevant events (e.g., attendance, ball possession)
using strict string-matching rules.

3.2 SN-Long

Existing soccer datasets primarily offer shallow,
clip-level captions, lacking summaries of inter-
event relationships or deeper tactical insights. To
address this gap, we build SN-Long on top of SN-
Short as a multi-event, context-aware dataset. For
each target event, we retrieve semantically related
prior events within the same match-half. We first
extract 17 summary paradigms from transcripts of
authentic human commentary, which cover diverse
scenarios in soccer games. These paradigms are
then formulated into concise and standardized lan-
guage to serve as high-quality exemplars. Using
these exemplars, we use LLaMA3 to aggregate the
retrieved events and the target event into a tacti-
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Figure 2: Overview of our commentary augmentation pipeline. Given pre-processed video features and concise
textual descriptions, the pipeline generates detailed and structurally standardized commentary that captures fine-
grained and discriminative visual information from each video clip.

cal commentary providing in-depth analysis. All
outputs are manually reviewed for coherence, rele-
vance, and quality.
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Figure 3: Distribution of sentence lengths in different
datasets. The statistics are computed based on the 47
matches shared across all four datasets. MatchTime
and SN-Caption share the same textual content, so their
distributions are identical.

3.3 Data Statistics

After manual verification, SN-Short contains 2,777
video-text pairs covering key soccer events (e.g.,
crosses, shots, set pieces, goals, and fouls), with
visually irrelevant events removed.

Based on SN-Short, we construct SN-Long by
filtering out context-independent events, resulting
in 1,765 video-text pairs, each paired with an aver-
age of 2.84 historical events, totaling 5,006 prior
contextual segments. Details of the annotation qual-
ity evaluation are provided in Appendix A.2

Figure 3 shows the distribution of commentary
lengths across datasets. SN-Caption (Mkhallati
et al., 2023) and MatchTime (Rao et al., 2024) con-
tain brief, incomplete descriptions (typically 10-30
words) focused on isolated events. SN-Short pro-
vides more detailed commentaries, while SN-Long
further extends them with contextual information,
with most entries ranging from 50 to 70 words.

4 Commentary Augmentation

We design a commentary augmentation pipeline
to bridge the granularity mismatch between visual
content and textual commentary. Existing com-
mentary frequently misses important information
observable from the video clips (Rao et al., 2024;
Mkhallati et al., 2023). Our pipeline targets visual
information that is present in the video clips but ab-
sent from the original textual descriptions, enrich-
ing the commentary with such missing semantics.
Through this augmentation process, we construct
a dataset that is both content-detailed and closely
aligned with the visual evidence, while maintaining
a standardized and consistent structure.

4.1 Problem Formulation

Given a soccer match video segmented into
timestamped clips V = {V1,...,V,,} and their
corresponding incomplete commentary C =
{C1,...,C,}, the task is to generate detailed and
complete commentary O = {C1,...,C)}. Each
output C/ is obtained by semantically augmenting
the original commentary C; with additional visual
semantics S; derived from the video content, which
we abstractly denote as C} = f(C}, S;), where f(-)
represents a semantic augmentation.

The visual semantics S; are implicitly captured
by latent visual features extracted from the cor-
responding video clip. Specifically, we apply a
Q-Former (Li et al., 2023) to obtain visual represen-
tations F; from V;, which are then combined with
the textual input C;. A commentary augmentation
model ® instantiates the function f(-) and gener-
ates the enriched commentary: C} = ®(F;, C;).

4.2 Architecture

As depicted in Figure 2, we develop our com-
mentary augmentation pipeline based on an en-
coder—decoder architecture, fine-tuned on SN-
Short. Taking textual descriptions as the backbone
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Figure 4: The overview of our proposed commentary generation model, MatchAware. It generates an initial
commentary and a context-aware commentary through an LLM-based decoder and a generator, respectively,
enabling more detailed and in-depth soccer commentary generation.

and integrating visual features as complementary
inputs, the pipeline enriches commentary with addi-
tional semantics while preserving the standardized,
structured format of the original data.

Visual Feature Extraction Given a video clip
Vi, we extract frame-level features f; = VE(V;)
using a pre-trained, frozen visual encoder. These
features are then passed to a Q-Former (Li et al.,
2023) equipped with K learnable queries {qi }1*_|,
producing compact visual representations F; =
QFormer(fi, {qx}). The resulting F; € RE*4 ig
projected via an MLP to match the encoder input
dimension.

Commentary Augmentation For each event-
aligned pair (V;, C;), we concatenate the projected
visual features F; and the token embeddings of C;
to form the encoder input [F;; Embed(C;)]. The en-
coder processes this joint representation to produce
hidden states h; = Encoder([F;;Embed(C})]),
which the decoder attends to in generating the en-
riched commentary C; = Decoder(h;).

Through this process, we develop a new dataset,
named MatchText, which offers semantically com-
plete and structurally standardized textual data.
Containing 27,207 video—text pairs from 424
games, MatchText serves as the foundational super-
vision for training the MatchAware model.

5 MatchAware

In this section, we present our commentary gen-
eration model, MatchAware, which produces de-
tailed and context-aware commentary by compre-
hensively describing the visual content of the cur-
rent video clip and retrieving relevant historical
visual events. MatchAware first offers an initial
description of the current event and then retrieves

relevant historical events from a memory bank of
video features to enrich the output.

5.1 Problem Formulation

We aim to enhance commentary generation with
memory-based context modeling. For each times-
tamp ¢;, given the corresponding video clip V;4,,
we extract visual features F; using a Q-Former.
These features are projected to a frozen LLM
decoder, which generates an initial commentary
Cit; = Ginie(F3).

To incorporate historical context, we maintain
a memory bank M; = {Fi,...,Fj;; | 1 <
j < i} of encoded video features from previous
timestamps, where j < 7. A retrieval function R(-)
selects the most relevant historical visual feature
F; € M based on event-level semantic associa-
tion with the current clip feature F;. The retrieved
feature captures long-term match dynamics and re-
lated historical patterns. The generator then takes
the current visual feature Fj, the retrieved historical
feature Fj, and their temporal distance At as joint
inputs. The context-aware commentary is denoted
as CA'MI = ngtx(FilEa At). The output is denoted
as Oir, = [Cit;; Ci)-

5.2 Architecture

As shown in Figure 4, MatchAware con-
sists of three components: (i) an event-level
video—language generator that produces an initial
commentary grounded in the current video clip; (ii)
a visual event retriever that selects relevant histori-
cal video clips from a memory bank based on the
current clip; and (iii) a retrieval-augmented genera-
tor that incorporates long-term match context using
the retrieved visual events.

Video-language Generator. Following the same
setup in Section 4.1, we obtain high-level visual

10618



features F; = QFormer(f;, {qx}) from video clip
V; and project them via an MLP to obtain prefix
embeddings P;. For commentary generation, we
adopt an architecture similar to MatchVoice (Rao
et al., 2024), where F; is prepended to the input
of a frozen LLM decoder. Conditioned on these
prefix embeddings, the decoder generates an initial
event-level commentary éi,ti describing the visual
content of the current clip.

Visual Event Retriever. The visual event re-
triever aims to identify historical events that are
semantically associated with the current video clip.
Given an anchor event feature Fj, positive events
F;“ are selected from semantically related events,
while negative events F; are sampled from unre-
lated events in the memory bank M. We optimize:

Eret = max (07 d(g(Fiyo)ag(Fi+7 At+))

—d(g(F;,0),9(F,At7)) + m>

Here, g(-) denotes a time-aware embedding func-
tion that takes both visual features and relative tem-
poral offsets as input.

Retrieval-Augmented Generator. Given the re-
trieved historical visual feature Fj, we combine
it with the current feature F; to model long-term
contextual information. We also compute the time
difference At and project it into a continuous tem-
poral embedding Ea; to ensure the influence on
the time offset. A linear projection layer maps
these concatenated features to the input embed-
ding space of the sequence-to-sequence model.
The retrieval-augmented generator then produces
a context-aware commentary C’i,ti that integrates
local event details from the current clip with long-
term match dynamics.

6 Experiments

In this section, we present our experiments and re-
sults. We begin by evaluating visual features within
the Commentary Augmentation to identify the
most suitable representations for this task (Exper-
iment 1). Based on the selected features, we then
conduct extensive experiments and ablation studies
for MatchAware (Experiment 2).

6.1 Visual Features in Commentary
Augmentation Pipeline

This experiment compares different visual feature
representations for commentary augmentation and

Textual F | VisualF | B-1 | B-4 | M | RL | C
— | 48.66 (4545|5737 | 68.95 | .16

Baidu | 59.94 | 51.80 | 62.32 | 64.79 | 3.75

SN-C | ResNet(2) | 59.71 | 50.76 | 62.27 | 63.51 | 3.71
ResNet(5) | 59.68 | 51.44 | 62.17 | 64.02 | 3.74

CLIP | 60.01|51.70 | 62.10 | 64.48 | 3.74

Table 2: Comparison of different visual features on
MatchText. Best results are shown in bold, and second-
best results are underlined. SN-C: SN-Caption, B-1/B-4:
BLEU-1/4, M: METEOR, R-L: ROUGE-L, C: CIDEr.

select the best-performing one for constructing
MatchText.

Details We extract features from 30s video clips
using CLIP (2 FPS), Baidu (1 FPS), and ResNet
(2 and 5 FPS) (Radford et al., 2021; Zhou et al.,
2021; Heetal.,2016). BART (Lewis et al., 2019) is
adopted as the generation backbone and fine-tuned
on the SN-Short training set, using SoccerNet-
Caption as textual input and evaluating on the SN-
Short test set. Further implementation details are
provided in Appendix A.5.

Results As shown in Table 2, integrating vi-
sual features improves BLEU (Papineni et al.,
2002), METEOR (Banerjee and Lavie, 2005), and
CIDEr (Vedantam et al., 2015) scores, except for
ROUGE-L (Lin, 2004). In particular, the signif-
icant improvement in CIDEr shows that the aug-
mented commentaries contain more distinctive and
semantically dense content extracted from visual
details. Based on these results, we adopt Baidu fea-
tures for commentary augmentation and construct
the MatchText dataset.

6.2 Evaluation of MatchAware

In this experiment, we compare MatchAware with
several baselines to validate its effectiveness. We
adopt SN-Short and SN-Long as benchmarks and
conduct two separate evaluations on each. In addi-
tion, we include off-the-shelf VLMs for zero-shot
and few-shot comparison (see Appendix A.3 for
details)

Implementation Details In addition to the vi-
sual features described in Section 6.1, we further
include C3D (Tran et al., 2015) for feature extrac-
tion. Further details are provided in Appendix A.S.

Baseline We use Video-LLaMA3-7B (VLLaMA)
in zero-shot and eight-shot settings as a naive
baseline. We further evaluate MA-LMM (He
et al., 2024) on SN-Short under zero-shot con-
ditions for comparison. Additionally, we adopt

10619



Method Visual Features BLEU-1 BLEU-4 METEOR ROUGE-1 ROUGE-L CIDEr
SN-Short
VLLaMA (0-shot) ViT 15.56 0.46 8.27 20.16 14.70 1.69
VLLaMA (8-shot) ViT 15.04 0.90 9.41 21.63 15.06 2.28
MA-LLM ViT 3.66 0.13 3.37 14.16 11.24 0.23
MatchVoi C3D 19.56 3.16 7.53 21.11 17.35 5.36
atch voice Baidu 19.82 3.99 8.15 23.13 19.08 8.27
(Trained on ResNet(2) 23.25 3.67 8.55 23.40 18.59 8.54
Soccernet-Caption) ResNet(5) 20.29 3.15 7.81 21.65 18.11 6.42
CLIP 22.48 3.65 8.39 22.03 17.78 7.45
MatchVoi C3D 23.80 2.45 8.50 22.62 18.27 8.30
atchvoice Baidu 27.26 4.31 9.84 25.94 20.28 11.79
(Trained on ResNet(2) 25.22 2.87 8.92 23.53 18.65 8.11
SN-Short) ResNet(5) 2431 3.47 8.60 23.39 18.76 9.92
CLIP 23.88 45 8.69 22.85 19.25 7.85
hAware! C3D 31.30 1133 15.52 35.38 27.32 13.24
MatchAware Baidu 35.58 17.43 18.06 40.22 33.68 15.73
(Trained on ResNet(2) 31.83 9.62 13.16 30.74 26.30 14.32
MatchText) ResNet(5) 30.03 9.15 15.21 34.56 27.80 13.63
CLIP 27.48 7.90 10.25 28.63 26.22 9.25
SN-Long
MatchVoi C3D 12.89 1.90 6.76 23.98 15.43 0.61
atch voice Baidu 12.55 2.41 6.99 24.79 16.45 0.52
(Trained on ResNet(2) 17.96 2.36 7.18 25.02 15.51 0.85
Soccernet-Caption) ResNet(5) 13.61 2.15 6.87 24.48 16.27 0.34
CLIP 15.81 2.33 7.11 24.76 15.91 0.68
MatchVoi C3D 19.82 2.29 7.87 26.95 17.52 1.08
atchvoice Baidu 22.62 3.35 8.97 29.33 19.82 2.07
(Trained on ResNet(2) 21.15 2.26 8.28 27.50 17.97 1.94
SN-Short) ResNet(5) 19.54 2.42 7.78 27.08 17.91 1.36
CLIP 19.13 3.02 8.16 27.22 19.05 1.09
MatchA C3D 43.81 15.57 16.18 41.37 30.83 19.03
atchAware Baidu 47.05 20.16 18.41 45.13 35.50 20.26
(Trained on ResNet(2) 42.03 12.88 15.06 39.67 28.28 20.02
MatchText) ResNet(5) 44.20 15.00 16.21 42.14 30.98 22.42
CLIP 40.43 11.13 1428 37.50 2635 9.76

Table 3: Evaluation results of different visual features on SN-Short and SN-Long. Best results are shown in bold,
and second-best results are underlined. MatchVoice is a general generation model that excludes the commentary
augmentation pipeline and retrieval; therefore, we train it on both the original SoccerNet-Caption and the manually
curated SN-Short as baselines for comparison. . without retrieval, under the SN-Short test setting, which
provides annotations for the current event only, and is used to evaluate the model’s ability to generate current-event

commentary in isolation.

MatchVoice (Rao et al., 2024) as our baseline ar-
chitecture and train it separately on the SoccerNet-
Caption dataset and the SN-Short training set.

Results We adopt BLEU, METEOR, ROUGE
and CIDEr score to evaluate the quality of gener-
ated commentaries. Specifically, we conduct ex-
periments with two settings: with and without the
retrieval-augmented generator. The results are eval-
uated on both SN-Short and SN-Long to present a
comprehensive view of the performance. Table 3
compares the results with different visual features.

We first evaluate MatchAware! (T: without re-
trieval, which can also be viewed as MatchVoice)
against MatchVoice trained on SoccerNet-Caption,
SN-Short, and MatchText. The results show that

MatchAware' outperforms the baselines across all
of the metrics. We observe a clear performance im-
provement when moving from SoccerNet-Caption
to SN-Short and further to MatchText. SoccerNet-
Caption provides limited supervision with coarse
descriptions, while SN-Short introduces richer tex-
tual content but remains constrained by its scale, re-
sulting in suboptimal performance. Models trained
on MatchText achieve the best results, showing
the effectiveness of our commentary augmentation
pipeline in providing large-scale, informative nar-
ratives.

Next, we investigate the proposed retrieval-
augmented generator and evaluate MatchAware
on SN-Long. Results show that it achieves the
best performance under all visual feature settings
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and evaluation metrics, indicating that our retrieval
mechanism effectively extracts relevant historical
video features and enables the generation of more
insightful, globally coherent commentary that en-
hances the depth of the descriptions. A case study
is provided in Appendix A.6.

In addition, we directly input the video
clips into two state-of-the-art Large Multimodal
Models,Video-LLaMA3 (Bogiang Zhang, 2025)
and MA-LMM (He et al., 2024), to evaluate their
performance on SN-Short under different settings,
as shown in Table 3, part 1. In both cases, both mod-
els significantly underperform compared to models
specifically designed or fine-tuned for structured
soccer commentary generation. We provide qualita-
tive case studies across the zero-shot and few-shot
settings in Appendix A.7.

Our extensive experiments demonstrate that (i)
Our Commentary augmentation pipeline effectively
augments incomplete commentary into detailed, in-
formative narratives; the enhanced descriptions re-
duce the information gap between text and video,
providing richer training data for downstream
generation models. (ii) The proposed retrieval-
augmented generator consistently improves perfor-
mance across all evaluation metrics, demonstrat-
ing its effectiveness in generating context-aware
commentary. (iii) SN-Short and SN-Long are
more challenging due to their analytical, context-
rich commentaries. Models trained on SoccerNet-
Caption perform worse than those trained on the
augmented dataset with retrieval.

6.3 Analysis

Retrieval Performance We evaluate retrieval
performance using different visual feature represen-
tations, as shown in Table 4. ResNet(5) consistently
performs best across most Recall @K metrics; this
suggests that higher temporal resolution may be
beneficial for matching historical events accurately.

Visual Feature R@1 R@3 R@5 R@10
Baidu 34.19 61.11 68.80 85.47
C3D 27.35 51.71 68.80 85.04
ResNet(2) 36.32 58.55 70.51 85.90
ResNet(5) 36.75 61.97 73.50 89.32
CLIP 34.19 59.40 74.36 88.46

Table 4: Retrieval performance using different visual
features. Recall@K: whether the ground-truth historical
event appears in the top-K retrieved candidates.

Ablation Study on Retrieval-Augmented Gen-
erator We further analyze the contribution of re-
trieval by comparing MatchAware without retrieval.

Model| Visual F | B-1 | B-4 | M | R-1 |R-L| C

C3D |22.95| 8.33 |10.87]34.50|24.31] 5.45
Baidu [26.70(12.14|13.16|39.33|29.49| 9.67
ResNet(2) [22.05| 6.04 |10.10|32.52|21.44| 3.79
ResNet(5)23.55| 7.62 |11.06|34.85|24.00| 5.27

C3D |43.81|15.57|16.18]41.37|30.83|19.03
MA Baidu |47.05|20.16|18.41|45.13|35.50|20.26
ResNet(2) [42.03|12.88|15.06|39.67|28.28 | 20.02
ResNet(5) |44.20|15.00|16.21|42.14|30.98|22.42

Table 5: Ablation study of the retrieval in MatchAware
on the SN-Long dataset. MA: MatchAware

MAT

As shown in Table 5, incorporating retrieval
consistently improves performance across all met-
rics and visual features, showing its effectiveness
in leveraging relevant historical information for
context-aware commentary generation.

6.4 Human Evaluation

We conduct a human evaluation on 97 video-
text pairs (from 3 games), where three experi-
enced soccer fans compare commentaries gener-
ated by MatchVoice (trained on SN-Caption) and
MatchAware(trained on MatchText). Each out-
put is rated on a five-point Likert scale along three
dimensions. Table 6 shows the average scores. Ap-
pendix A.4 provides details of the human evalua-
tion.

Model Accuracy  Completeness  Depth
MatchVoice 3.27 2.87 2.77
MatchAware 3.44 3.76 3.74
p-value 0.39 0.012 0.008

Table 6: Human evaluation on 97 video-text pairs. Each
is evaluated on three aspects: Accuracy (how well the
description matches the video content), Completeness
(whether the main event is fully described), and Depth
(the degree of tactical depth and narrative coherence).

Both models achieve similar accuracy in captur-
ing key events. However, MatchAware leverages
semantically enriched commentaries and histori-
cal context, allowing it to better reflect the video
content and provide more comprehensive soccer
commentary with deeper tactical insights.

We also conduct statistical significance analysis
on the human evaluation results using the Wilcoxon
signed-rank test (Wilcoxon, 1945).

The results show that the difference in Accu-
racy between the two models is not statistically
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significant (p = 0.39). In contrast, MatchAware
achieves statistically significant improvements over
the MatchVoice in both Completeness (p = 0.012)
and Depth (p = 0.008). These results show the
effectiveness of leveraging semantically enriched
commentaries and historical context for soccer
commentary generation.

7 Conclusion

In this paper, we introduced two curated datasets,
SN-Short and SN-Long, which focused on scene-
level descriptions and long-range event continu-
ity for soccer commentary generation. To address
the incompleteness of existing annotations, we de-
veloped a commentary augmentation pipeline to
construct MatchText, a semantically complete and
structurally standardized dataset. Based on this, we
proposed MatchAware, a generation model that
incorporates relevant historical events to produce
context-aware and coherent soccer commentaries.
Extensive experiments showed that our approach
achieved promising results in soccer commentary
generation.

Limitations

First, consistent with previous studies, our model
lacks a player localization and tracking module,
which limits its ability to correctly identify specific
players or generate their correct names within the
commentary.

Second, the retrieval mechanism is currently con-
strained to a single match half and strictly relies
on pre-defined anchored events. This dependency
prevents the system from performing cross-match
retrieval or autonomously localizing relevant seg-
ments directly from the raw video stream, thereby
restricting the richness and depth of the information
available for tactical analysis.

Third, although experiments confirm that train-
ing on our SN-Short dataset improves perfor-
mance, and while our two constructed datasets are
the largest manually annotated ones to date, the
model’s overall capability remains limited by the
relatively small scale of the data. This data in-
sufficiency is a primary motivation for developing
our Commentary Augmentation Pipeline, yet the
need for larger-scale, high-quality manual datasets
remains a bottleneck for the field.
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A Appendix

A.1 Details on the Dataset Construction

A.1.1 Details on the Construction of the
SN-Short Dataset

We select 47 matches from the SoccerNet-Caption
dataset as the foundation for constructing our
dataset. For each match, we use the timestamps
provided in the dataset as anchor points and ex-
tract the corresponding 15-second audio transcripts
before and after each anchor from Soccer-Echoes.
Since Soccer-Echoes does not undergo thorough
human curation, it contains a significant amount of
irrelevant noise. To address this issue, we manu-
ally remove invalid information and correct noisy
segments. Then, using LLaMA-3.1-405B (Dubey
et al., 2024), we integrate relevant supplementary
information based on the event descriptions at the
anchor points. Finally, to ensure the overall qual-
ity of the dataset, we perform a round of manual
review and correction to guarantee that the com-
mentary texts are fluent and factually consistent.

We use the following prompt:

You are a professional sports commentator.
Your task is to expand the given event de-
scription into a more informative commen-
tary by appending relevant contextual de-
tails from the surrounding transcript.

Here is the event description (anchor):
[ANCHOR_DESCRIPTION]

Here is the transcript of the surrounding au-
dio (15 seconds before and after the event):
[AUDIO_TRANSCRIPT]

Your output should preserve the wording
and structure of the anchor as much as pos-
sible. Then, append natural and factually
coherent details from the transcript to en-
rich the context. The result should read like
a smooth and realistic commentary.

Output:

\.

A.1.2 Details on the Construction of the
SN-Long Dataset

Building upon SN-Short, we construct SN-Long
by expanding the contextual scope of each event.
Specifically, for each event in SN-Short (grouped
by half-time), we manually select earlier relevant
events as historical context. We then use LLaMA-
3.1-405B in a few-shot prompting setup to generate
commentaries conditioned on the anchor event and
historical context. All generated outputs undergo
rigorous human verification and correction to en-
sure factual coherence and stylistic fluency.

Below is an example of the prompting template
used:

You are a professional sports commentator.
Your task is to generate a coherent and in-
formative commentary by incorporating the
current description and relevant historical
context. The commentary should reflect the
overall rhythm and evolution of the match.
Please refer to the following examples as
guidance: [FEW_SHOT_1], [FEW_SHOT_2]

Here is the current event:
[CURRENT_DESCRIPTION]

Here is the historical context:
[HISTORY_DESCRIPTION]

Output:
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A.2 Annotation Quality Evaluation for
SN-Short and SN-Long

We randomly sampled 3% of the SN-Short
(81 video-text pairs) and SN-Long (55 current
commentary-relevant commentary pairs) datasets.
Three annotators, all soccer enthusiasts with at least
six years of experience watching matches, evaluate
the quality across multiple dimensions.

A.2.1 SN-Short

For SN-Short, the evaluation focuses on three di-
mensions: Accuracy, Fluency, and Consistency,
where each dimension is annotated with either Y
(yes) or N (no).

Based on the timestamps from the SoccerNet-
Caption dataset (Mkhallati et al., 2023), we observe
that Accuracy is considerably lower compared to
the other two dimensions. To further investigate,
we examine the nine samples that received at least
two "N" labels on the Accuracy dimension.

Error Type #Samples
Timestamp misalignment 7
Premature truncation 1
Manual annotation error 1
Total 9

Table 7: Error analysis of samples with at least two "N"
labels on Accuracy.

As shown in Table 7, we find that seven of these
nine failures are due to timestamp misalignment
in SoccerNet-Caption. Another error is caused by
premature truncation because the timestamp falls
near the end of a match, and another is a manual
annotation error in SN-Short.

We further use the timestamps provided by
MatchTime (Rao et al., 2024), which aim to address
the temporal misalignment in SoccerNet-Caption.
As aresult, six of the seven misalignments are cor-
rected, while one remains incorrectly aligned.

Table 8 shows the final results. For the SN-Short
dataset, after correction, Accuracy reaches an aver-
age of 95.5%, with the few remaining errors mainly
due to timestamp misalignment and incomplete
video content in the source dataset. Both Fluency
and Consistency remain high, showing that com-
mentaries in SN-Short are mostly fluent and exhibit
no style drift.

A.2.2 SN-Long

In SN-Long, each sample consists of a commentary
on the current event, a commentary on a previous

event, and a summarizing/analytical commentary
linking the two to reflect tactical aspects. We eval-
uate each sample on Accuracy, Fluency and Con-
sistency.

As shown in Table 9, the commentaries in SN-
Long achieve an average Accuracy of 92.7% in
capturing and analyzing relevant events in tacti-
cal aspects, while Fluency and Consistency remain
at a high level, showing that the commentaries in
SN-Long are generally natural, coherent, and stylis-
tically consistent.

A.3 Details on the Usage of VLMs for
Commentary Generation

As described in Section 6.2, we employ Video-
LLaMA3 and MA-LLM to generate commentaries
using different prompting strategies. The evalua-
tion is conducted based on the SN-Short.

For the zero-shot setting of MA-LLM, we adopt
the following prompt.

You are a professional football commenta-
tor.

Please describe the tactical event in the
given video clip accurately and concisely
in a broadcast style.

For the few-shot setting of Video-LLaMA3, we
augment the prompt with exemplar event labels
(e.g., corner kick, offside) and corresponding com-
mentary descriptions to guide generation. The
prompting format is detailed below.

-
You are a professional football commentator.
Here are some examples:

,

Label i:
[EVENT_LABEL]
Commentary ¢:
[EVENT_DESCRIPTION]

\.

Now describe the following video:

\.

A.4 Details of Human Evaluation

A.4.1 Human Evaluation Criteria

To better interpret the human evaluation results,
we provide detailed definitions of each evaluation
dimension. Annotators were asked to rate each
generated commentary on a 1-5 Likert scale along
three dimensions: Accuracy, Completeness, and
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Dimension Individual Y Proportion (A/B/C) Perfect Agreement (Y/N) Fleiss’s kappa
Accuracy 95.1% /95.1% / 96.3% 93.8% / 3.7% 0.81
Fluency 93.8% /97.5% 1 96.3% 91.4% / 0.0% 0.27
Consistency 98.8% / 97.5% / 100.0% 97.5% / 0.0% 0.33

Table 8: Quality evaluation of the SN-Short dataset. Individual Y Proportion (A/B/C) shows the proportion
of "Y" judgments from each annotator separately. Perfect Agreement (Y/N) shows the percentage of items
where all annotators labeled "Y" or all labeled "N" Fleiss’s kappa (Fleiss, 1971) measures the inter-annotator
chance-corrected agreement. The three evaluation dimensions are: Accuracy: whether the commentary reflects the
main event shown in the video; Fluency: whether the sentence is natural and fluent; Consistency: whether the style
remains coherent without drift.

Dimension Individual Y Proportion (A/B/C) Perfect Agreement (Y/N) Fleiss’s kappa
Accuracy 92.7% / 94.5% / 90.9% 87.3% / 0.0% 0.37
Fluency 96.4% 1 98.2% / 98.2% 94.5% /1 0.0% 0.23
Consistency 98.2% / 100.0% / 96.4% 94.5% 1 0.0% -0.02

Table 9: Quality evaluation results of the SN-Long dataset. The three evaluation dimensions are: Accuracy: whether
the commentary correctly reflects the tactical and analytical aspects of the summarized events, linking multiple
events coherently; Fluency: whether the sentence is natural and fluent; Consistency: whether the style remains

coherent without drift. The column headers have the same meaning as in Table 8.

Depth. Below we provide the definitions and scor-
ing criteria for each:

Accuracy Measures how well the generated com-
mentary reflects the actual events in the video.

5: Completely accurate, with no factual errors;
all actions, players, and results are consistent
with the video.

4: Mostly accurate with minor inaccuracies, but
overall understandable.

3: Contains 1-2 factual errors but the main event
is still correctly conveyed.

2: Multiple factual mismatches that affect com-
prehension.

1: Severely incorrect or unrelated to the video
content.

Completeness Assesses whether the key compo-
nents of the event are sufficiently covered.

5: Comprehensive and covers all essential ac-
tions and involved players.

4: Covers most key details, though may miss
minor elements (e.g., whether the shot was on
target).

3: Mentions only the main action (e.g., shot) but
lacks prior context or result.

2: Minimal description, missing several core ele-
ments.

1: Lacks informative content or unrelated to the
actual event.

Depth Evaluates the level of tactical understand-
ing or contextual coherence expressed in the com-
mentary.

5: Shows clear connection to the broader match
context with tactical/strategic analysis.

4: Includes moderate insights into causes or
background of the event.

3: Describes surface-level facts without deeper
explanation.

2: Mechanically written or logically incoherent.
1: Generic or irrelevant description.

A.5 Implementation details

Here we summarize the implementation details of
both the commentary augmentation pipeline and
the proposed MatchAware model, including back-
bone architectures, input modalities, and training
configurations. Detailed settings are reported in
Table 10.

A.6 More Qualitative Examples on

commentary generation

To provide a clearer illustration of the richness
of our constructed dataset and the generation ca-
pabilities of the MatchAware compared to the
MatchVoice (Rao et al., 2024), Figure 5 presents
additional examples from the same match.
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MatchAware

Parameter Pipeline

VLG RET RAG
Gen. Backbone BART LLaMA-3-8B - BART
Q-Former K 32 32 - 32
Textual Input SN-Cap — SN-Short! MatchText, SN-Caption, SN-Short - SN-Long’
Visual Input CLIP, Baidu, ResNet? CLIP, Baidu, ResNet?, C3D Shared Shared
Video Clip 30s 30s 30s 30s
Epochs 20 40 10 20
Learning Rate 5x 1076 1x107° 1x1075 1x107°

Hardware

1x NVIDIA RTX A100

Table 10: Implementation details for the Commentary Augmentation Pipeline and the MatchAware model. The
MatchAware model consists of three components: Video-Language Generator (VLG), Visual Event Retriever (RET),
and Retrieval-Augmented Generator (RAG). T denotes supervision targets used for training. * indicates features
extracted at both 2 fps and 5 fps. Note: "Shared" indicates the component uses the same visual features as VLG.

Visual Grounding As shown in the first event,
the models are tasked with describing a long-range
shooting attempt. The baseline MatchVoice gener-
ates a generic and hallucinated description (" goes
just wide of the left post"), which contradicts the
visual evidence. In contrast, MatchAware accu-
rately perceives the ball’s trajectory, stating that
the effort "sails high over the bar," aligning per-
fectly with the Ground Truth (GT). Furthermore,
our model incorporates expressive descriptors such
as "lacked precision" and "missing the target by
inches," making the commentary more vivid and
human-like.

Contextual Coherence The second and third
events demonstrate the effectiveness of the
retrieval-augmented mechanism in capturing the
match’s atmosphere. In complex foul events, a sim-
ple description of physical contact is often insuffi-
cient. While MatchVoice produces repetitive tem-
plates regarding the referee’s signal, MatchAware
successfully contextualizes these fouls within the
broader match flow. For instance, in the second
event, it notes that ‘Both teams have shown mo-
ments of aggression,” and in the third event, it men-
tions "an increase in aggressive challenges." These
observations echo the sentiments found in the GT
("intense battles for possession"), proving that our
model effectively retrieves and utilizes historical
context to construct a coherent narrative rather than
describing isolated events.

Tactical Insight and Summarization In the
fourth event, the example highlights the model’s
ability to summarize tactical outcomes. The base-
line focuses on the immediate result (the linesman

pointing at the corner flag). However, MatchAware
provides a higher-level analysis, describing how
the opposition’s defense "thwarts the attack" and
noting that the attacking team has been "struggling
to create clear-cut chances." This level of insight
mirrors the GT’s description of "solid defensive
plays," indicating that MatchAware goes beyond
surface-level captioning to offer tactical commen-
tary.

A.7 Case studies of General-Domain VLMs

We compare Video-LLaMA with MA-LMM on
our SN-Short dataset. A case study is shown in
Table 11.
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Example Case Model Generated Commentary Content

Ground Truth [PLAYER] ([TEAM]) commits a foul after unfairly battling his opponent for
the ball. His physical approach to winning the ball was deemed excessive
by the referee.

Video-LLaMA (8-shot)  The team in white is attacking the goal defended by the team in red. The
player in white shoots the ball towards the goal, but it is blocked by the
defender. The ball deflects off the defender’s foot and goes out of play. The
referee awards a corner kick to the team in white.

Video-LLaMA (0-shot)  The video clip features a football match where a player kicks the ball towards
the goal. The goalkeeper attempts to block the shot, but unfortunately misses.
The ball enters the goal, and the crowd erupts in cheers. The player who
scored celebrates by running towards the corner flag, while the opposing
team’s players look on in disappointment.

Case 1: Foul

MA-LMM (0-shot) soccer.

Ground Truth Some great controlled play and passing in the middle of the pitch from
[TEAM]. They maintained possession effectively, looking for gaps in
[TEAM]’s defensive setup.

Video-LLaMA (8-shot) A player from the team in white crosses the ball into the box. The player
from the team in red is running to intercept the ball.

Case 2: Passing Video-LLaMA (0-shot)  The video features a football match between two teams, one in red and the
other in white. The players are seen running up and down the field, passing
the ball to each other. At one point, a player in red kicks the ball towards
the goal, but it is blocked by the goalkeeper. The game continues with both
teams trying to score, but neither team manages to do so.

MA-LMM (0-shot) The players are trying to score a goal by kicking the soccer ball into the
opposing team’s goal.

Ground Truth [PLAYER] ([TEAM]) slips past one challenge, but is unable to feed a low
pass into the path of one of his teammates. His attempt to set up a scoring
chance was intercepted by an alert [TEAM] defense.

Video-LLaMA (8-shot) [PLAYER] crosses the ball into the box, but the ball is intercepted by
[PLAYER]. The crowd cheers loudly.

Video-LLaMA (0-shot)  The video clip features a football match between two teams, one in white
and the other in red. The white team is on the offensive, attempting to score
a goal. The goalkeeper, dressed in black, successfully blocks the shot from
the red team’s player. The white team then regains possession of the ball
and continues their attack.

Case 3: Intercept

MA-LMM (0-shot) A soccer match is taking place between two teams.

Table 11: Case studies of Video-LLaMA3 (0/8-shot) and MA-LMM (0-shot) in comparison with Ground Truth.
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MatchAware
#_PLAYER] receives a pass fromd[PLAY'ER] and decides to strike from long range. His effort sails high over the bar.
er1e snet had power but lacked precision, missing the target by inches.
atchVoice

[Pfl:[AYElz] latches on to a precise pass on the edge of the box and unleashes a shot which goes just wide of the
eft post.
GT
[rPLAYER] collects a pass and strikes from about 23 metres out. It's a poor attempt which flies well over the bar.
dh$ chancle was created by a well-placed pass from [PLAYER], who was looking to break the opponent's

efensive line.

MatchAware

The referee blows his whistle for a foul [PLAYER]([TEAM]) tripped his opponent. The challenge was late, making it

an easy call for the referee. Both teams have shown moments of aggression, with one committing a foul and the

other attempting to create scoring opportunities from distance.

MatchVoice

[c?_lgAYER] is penalised for a foul. It's a clear and obvious case of a foul. The referee points to the penalty spot.
PLAYER] ([TEAM]) commits a foul after unfairly battling his opponent for the ball. The foul occurred just after
PLAYER]'s contested shot, which came from a difficult position. They have been suppressed by their opponents

during this period, allowing them to easily complete their attacks.

‘MatchAware

[REFEREE] blows his whistle after one of the players from [TEAM] commits an offensive foul. The challenge was
ate, leaving the referee with no choice but to penalize him. The match is seeing an increase in aggressive
chaflen es, with both teams committing fouls in their attempts to gain possession.

MatchVoice

‘Lf_ILAYER] ([TEAM]) brings his opponent down with a tackle and [REFEREE] immediately signals a free kick.

[PLAYER] ([TEAM]) commits a foul durinF an attacking move. The opposition had just recovered the ball,
e

prompting [PLAYER] to make a late challenge in an attempt to regain possession. The match has seen an increase
in intense battles for possession, with both teams committing fouls in their attempts to gain control.

e, XA
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MatchAware
[PLAYER] ([TEAM]) attempts to find his teammate with a pass from outside the box, but the opposition's defence
IS chck to react and thwarts the attack. The ball goes out of play. [TEAM] are awarded a corner kick. The delivery
lacked precision, allowing the defense to clear comfortably. They have been struggling to create clear-cut
Ic\/fllapcrs\s;, with their attacks being consistently thwarted by the opposition's defense.

atchVoice
[PLAYERJ‘([TEAM]) races towards goal but the defender gets back well to make a challenge. The ball is out of play
%r)rd the linesman points at the corner flag.
[PLAYER] ([TEAM]) whips the ball into the box and [PLAYER] takes a perfect touch to control it, but one of the
defenders does well to intercept. The play developed from'a quick transition, with [TEAM] exploiting space on
the right before delivering into the area. Both teams have shown flashes of creativity in their attacking play, but
ultimately struggled to capitalize on scoring opportunities due to solid defensive plays.

Figure 5: More examples from the same match. MatchAware: our proposed framework. MatchVoice: baseline.
GT: ground truth.
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