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Abstract

Soccer is a globally popular sport with a vast au-
dience, in this paper, we consider constructing
an automatic soccer game commentary model
to improve the audiences’ viewing experience.
In general, we make the following contribu-
tions: First, observing the prevalent video-text
misalignment in existing datasets, we manually
annotate timestamps for 49 matches, establish-
ing a more robust benchmark for soccer game
commentary generation, termed as SN-Caption-
test-align; Second, we propose a multi-modal
temporal alignment pipeline to automatically
correct and filter the existing dataset at scale,
creating a higher-quality soccer game commen-
tary dataset for training, denoted as MatchTime;
Third, based on our curated dataset, we train
an automatic commentary generation model,
named MatchVoice. Extensive experiments
and ablation studies have demonstrated the ef-
fectiveness of our alignment pipeline, and train-
ing model on the curated dataset achieves state-
of-the-art performance for commentary gen-
eration, showcasing that better alignment can
lead to significant performance improvements
in downstream tasks.

1 Introduction

Soccer, as one of the most popular sports globally,
has captivated over 5 billion (FIFA, 2023) viewers
with its dynamic gameplay and intense moments.
Commentary plays a crucial role in improving the
viewing experience, providing context, analysis,
and emotional excitement to the audience. How-
ever, creating engaging and insightful commentary
requires significant expertise and can be resource-
intensive. In recent years, advancements in artifi-
cial intelligence, particularly in foundational visual-
language models, have opened new possibilities
for automating various aspects of content creation.
This paper aims to develop an high-quality, auto-
matic soccer commentary system.

In the literature on video understanding, there
has been relatively little attention on sports videos.
Pioneering work such as SoccerNet (Giancola et al.,
2018a) introduces the first soccer game dataset,
containing videos of 500 soccer matches. Subse-
quently, SoccerNet-Caption (Mkhallati et al., 2023)
compiles textual commentary data for 471 of these
matches from the Internet, establishing the first
dataset and benchmark for soccer game commen-
tary. However, upon careful examination, we ob-
serve that the quality of existing data is often un-
satisfactory. For instance, as illustrated in Figure 1
(left), since the textual commentaries are often col-
lected from the text live broadcast website, there
can be a delay with respect to the visual content,
leading to prevalent misalignment between textual
commentaries and video clips.

In this paper, we start by probing the effect of
the above-mentioned misalignment on the soccer
game commentary systems. Specifically, we man-
ually correct the timestamps of commentaries for
49 matches in the SoccerNet-Caption test set to ob-
tain a new benchmark, termed as SN-Caption-test-
align. With manual check, we observe that these
misalignments can result in temporal offsets for
up to 152 seconds, with an average absolute offset
of 16.63 seconds. As depicted in Figure 1 (right),
after manual correction, pre-trained off-the-shelf
SN-Caption model (Mkhallati et al., 2023) has ex-
hibited large performance improvements, under-
scoring the effect of temporal alignment.

To address the aforementioned misalignment is-
sue between textual commentaries and visual con-
tent, we propose a two-stage pipeline to automat-
ically correct and filter the existing commentary
training set at scale. We first adopt WhisperX (Bain
et al., 2023) to extract narration texts with corre-
sponding timestamps from the background audio,
which are then summarised into event descriptions
by LLaMA-3 (Al@Meta, 2024) at fixed intervals.
Subsequently, we utilize LLaMA-3 to select the
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fires in a shot which is deflected past [PLAYER]. He makes it 2:0.
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Figure 1: Overview. (a) Left: Existing soccer game commentary datasets contain significant misalignment between
visual content and textual commentaries. We aim to align them to curate a better soccer game commentary
benchmark. (b) Right: While evaluating on manually aligned videos, existing models can achieve better commentary
quality in a zero-shot manner. (The temporal window size is set to 10 seconds here.)

most appropriate time intervals based on the sim-
ilarity between these timestamped event descrip-
tions and textual commentaries. Given such an
operation only provides rough alignment, we fur-
ther align the video and commentary by training a
multi-modal temporal alignment model on a small
set of manually annotated videos.

Our alignment pipeline enables to significantly
mitigate the temporal offsets between the visual
content and textual commentaries, resulting in an
higher-quality soccer game commentary dataset,
named MatchTime. With such a curated dataset,
we further develop a video-language model by
connecting visual encoders with language model,
termed as MatchVoice, that enables to generate
accurate and professional commentaries for soc-
cer match videos. Experimentally, we have thor-
oughly investigated the different visual encoders,
demonstrating state-of-the-art performance in both
precision and contextual relevance.

To summarize, we make the following contribu-
tions: (i) we show the effect of misalignment in au-
tomatic commentary generation evaluation by man-
ually correcting the alignment errors in 49 soccer
matches, which can later be used as a new bench-
mark for the community, termed as SN-Caption-
test-align, as will be detailed in Sec. 2; (ii) we
further propose a multi-modal temporal video-text
alignment pipeline that corrects and filters existing
soccer game commentary datasets at scale, result-
ing in an high-quality training dataset for commen-
tary generation, named MatchTime, as will be de-
tailed in Sec. 3; (iii) we present a soccer game com-
mentary model named MatchVoice, establishing
a new state-of-the-art performance for automatic
soccer game commentary generation, as will be
detailed in Sec. 4.
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Figure 2: Distribution of temporal offsets in our manu-
ally corrected SN-Caption-test-align. Through manual
annotation, we find that the temporal discrepancy be-
tween the textual commentary and the visual content in
the existing benchmark can even exceed 100 seconds.

2 Benchmark Curation

To probe the effect of misalignment on the perfor-
mance of soccer game commentary models, we
have manually annotated the timestamps of tex-
tual commentaries for 49 matches in the test set of
SoccerNet-Caption, resulting in a new benchmark,
denoted as SN-Caption-test-align.

Mannual Annotations. We recruit 20 football
fans to manually align textual commentaries with
video content for 49 matches from the test set of
SoccerNet-Caption (Mkhallati et al., 2023), follow-
ing several rules: (i) Volunteers should watch the
entire video, and adjust the timestamps of original
textual commentaries to match the moments when
events occur; (ii) To ensure the continuity of ac-
tions such as shots, passes, and fouls, the manually
annotated timestamps are adjusted 1 second earlier
to capture the full context; (iii) For scenes with re-
plays, the timestamp of the event’s first occurrence
is marked as the corresponding commentary times-
tamp to maintain visual integrity and consistency.
Here, our annotated dataset serves two purposes:
first, it acts as a more accurate benchmark for evalu-
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Figure 3: Temporal Alignment Pipeline. (a) Pre-processing with ASR and LL.Ms: We use WhisperX to extract
narration texts and corresponding timestamps from the audio, and leverage LLaMA-3 to summarize these into a
series of timestamped events, for data pre-processing. (b) Fine-grained Temporal Alignment: We additionally train
a multi-modal temporal alignment model on manually aligned data, which further aligns textual commentaries to

their best-matching video frames at a fine-grained level.

ating soccer game commentary generation; second,
it can be used as supervised data for training and
evaluating temporal alignment pipelines.

Data Statistics. After manually annotating the test
set videos, we obtain a total of 3,267 video-text
pairs. As depicted in Figure 2, we show the tem-
poral offset between the original noisy timestamps
of the textual commentary and the manually an-
notated ground truth, which ranges from -108 to
152 seconds, with an average offset of 13.85 sec-
onds and a mean absolute offset of 16.63 seconds.
Only 26.29%, 60.21%, 74.96%, and 85.03% of the
data falls within 10s, 30s, 45s, and 60s windows
around the key frames, respectively. This high-
lights the severe misalignment in existing datasets,
which will potentially confuse the model training
for automatic commentary generation.

3 Aligning Commentary and Videos

In this section, we develop an automatic pipeline
for aligning the timestamps of given textual com-
mentaries to the corresponding video content in
existing soccer game commentary datasets. In
Sec. 3.1, we start with the problem formulation for
temporal alignment, and subsequently, in Sec. 3.2,
we elaborate on the details of our proposed multi-
modal temporal alignment pipeline.

3.1 Problem Formulation

Given a soccer match video from the SoccerNet-
Caption dataset, i.e., X = {V,C}, where V =
{(I1,t1),..., (I, t,)} denotes key frames of the
video and their corresponding timestamps, and C =
{(C1,t1),...,(Ck, tx)} represents the k textual
commentaries and their provided timestamps in the
video, with n > k. Here, our goal is to improve the
soccer game commentary dataset by better aligning
textual commentaries with key frames. Concretely,
we adopt a contrastive alignment pipeline to up-
date their timestamps: ¢ = ®(V,C; ©1), where O
denotes the trainable parameters of the alignment
model ®, and ¢ represents the modified timestamps
for all textual commentaries.

3.2 Method

As depicted in Figure 3, we propose a two-stage
temporal alignment pipeline: (i) pre-processing
with an off-the-shelf automatic speech recognition
model (ASR) and large language model (LLMs),
(ii) train an alignment model with contrastive learn-
ing. We will elaborate on the details as follows.

Pre-processing with ASR and LLMs. We pro-
pose to roughly align the textual commentary with
video content by leveraging the audio narration,
which may include key event descriptions. Specifi-
cally, we first adopt WhisperX (Bain et al., 2023)
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for automatic speech recognition (ASR), to obtain
the converted narration text with corresponding
timestamp intervals from the audio. Given that
live soccer commentary tends to be fragmented and
colloquial, we use LLaMA-3 (Al@Meta, 2024) to
summarize the ASR results into event descriptions
for each 10-second video clip with the prompt de-
scribed in Appendix A.2. Subsequently, we feed
these event descriptions and the textual commen-
taries into LLaMA-3 to predict new timestamps for
the textual commentaries based on sentence simi-
larities using the prompt detailed in Appendix A.2.
Note that, as some videos may not have audio
commentary, or narrations that are irrelevant to the
video content, such as the background information
for certain players, such pre-processing only allows
for a coarse-grained alignment of the commentary
to video key frames.

Fine-grained Temporal Alignment. Here, we fur-
ther propose to train a multi-modal temporal align-
ment model with contrastive learning. Concretely,
we adopt pre-trained CLIP (Radford et al., 2021)
to encode textual commentaries and key frames,
followed by trainable MLPs, i.e., f(-) and g(-):

C,V = f(®cLir-1(C)), 9(®cLip-v(V))

where C € RF¥*4 V € R"*9 denotes the resulting
textual and visual embeddings, respectively.

We compute the affinity matrix between the tex-
tual commentaries and video key frames as:

N Ci-V; A kxn
A= e A €8
With the manual annotated SN-Caption-test-align
as introduced in Sec. 2, we can construct the
ground truth label matrix with the same form, i.e.,
Y € {0, 1}**", Y[i, j] = 1 if the i-th commentary
corresponds to the j-th key frame, otherwise 0.
We train the joint visual-textual embeddings for
alignment with contrastive learning (Oord et al.,
2018), by maximising similarity scores between the
commentary and its corresponding visual frame:

Ealign = -7

~

> exp(Ali, )

Training and Inference. At training time, we use
the 45 manually annotated videos with 2,975 video
clip-text pairs from our curated SN-Caption-test-
align, and leave the 4 videos for evaluation. Frames
sampled at 1FPS with a two-minute window around

i "Y[i, j] exp(Ali, j
;Zlog[ZjY[’J] p(Ali, j])

=1

Datasets Alignment \ # Soccer Matches # Commentary

Test Manual 49 3,267
Validation Auto 49 3,418
Training Auto 373 26,058

Table 1: Data Statistics on our SN-Caption-test-align
and MatchTime datasets.

the manually annotated ground truth timestamps
are utilized for training. At inference time, con-
sidering that data pre-processing has provided a
coarse alignment, and there might be replays in
soccer match videos, we sample frames at 1FPS
from 45 seconds before and 30 seconds after the
current textual commentary timestamp as visual
candidates for alignment. To validate the effective-
ness of our alignment model, we evaluate it on 292
samples of 4 unseen annotated matches, results can
be found in Sec. 5.1.

With the trained model, we perform fine-grained
temporal alignment for each textual commentary
C, by updating its timestamp to #; with fj of the
visual frame [;, which exhibits the highest cross-
modal similarity score among all the candidates:

t; :=t;, where j = arg max(A[i, :])
Using the alignment pipeline described above, we
have aligned all the pre-processed training data
from SoccerNet-Caption. As for the matches lack-
ing audio, which cannot undergo pre-processing,
we directly apply our fine-grained temporal align-
ment model. As a result, we have aligned 422
videos (373 as the training set and 49 as the vali-
dation set), amounting to 29,476 video-text pairs
(26,058 for training and 3,418 for validation) in to-
tal. This contributes a high-quality dataset, termed
as MatchTime, for training an automatic soccer
game commentary system. The detailed statistics
of our datasets are listed in Table 1.

4 Automatic Soccer Game Commentary

Based on the curated dataset, we consider training
a visual-language model for automatic commentary
generation on given input video segments, termed
as MatchVoice. Specifically, we start by describing
the problem scenario, and followed by detailing on
our proposed architecture.

Problem Formulation. Given a soccer game video
with multiple clips, i.e., V = {V1,Va,..., Vr},
our goal is to develop a visual-language model that
generates corresponding textual commentary for
each video segment, i.e., C, = U (V;; ©2), where
O refers to the trainable parameters.
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Figure 4: MatchVoice Architecture Overview. Our proposed MatchVoice model leverages a pretrained visual
encoder to encode video frames into visual features. A learnable temporal aggregator aggregates the temporal
information among these features. The temporally aggregated features are then projected into prefix tokens of LLM
via a trainable MLP projection layer, to generate the corresponding textual commentary.

Architecture. As depicted in Figure 4, our pro-
posed model comprises of three components. Here,
we focus on processing one segment, and ignore
the subscripts for simplicity.

First, we adopt the frozen, pre-trained visual
encoder to compute the framewise features within
the video clip, ie., {vi,v2,..., 00} = Wene(V).
Note that, all visual encoders are framewise, except
InternVideo, which takes 8 frames per second and
aggregates them into 1 feature vector by itself.

Second, we use a Perceiver-like architecture (Jae-
gle et al., 2021) aggregator to aggregate the tempo-
ral information among visual features. Specifically,
we adopt two transformer decoder layers, with a
fixed-length learnable query, and visual features
as keys and values, to obtain the temporally-aware
features, i.e., F = W,go(v1,v2, ..., 0p).

Last, an MLP projection layer is used to map
the output queries into desired feature dimensions,
used as prefix tokens for a decoder-only large lan-
guage model (LLMs), to generate the desired tex-
tual commentary, i.e., C= W dee (Wproj (F')). With
the ground truth commentary for the soccer video
clips, the model is then trained with standard nega-
tive log-likelihood loss for language generation.

5 Experiments

In this section, we separately describe the experi-
ment results for the considered tasks, namely, soc-
cer commentary alignment (Sec. 5.1), and auto-
matic soccer commentary generation (Sec. 5.2).

5.1 Video-Commentary Temporal Alignment

In this part, we first introduce the implementation
details and evaluation metrics of our temporal align-

Pre-processing X v X v

Contrastive-Align X X v v
avg(A) (s) 10.21  -0.96 6.35 0.03
avg(|A]) (s) 13.89 13.75 12.15 6.89
window1o (%) 3532 3486 77.06 80.73
windowsg (%) 65.60 69.72 8349 91.28
windowys (%) 7798 80.28 86.70 95.41
windowseo (%) 88.07 8532 9037 98.17

Table 2: Alignment Statistics. We report the tempo-
ral offset statistics on 4 manually annotated test videos
(comprising a total of 292 samples). A and window;
represent the temporal offset and the percentage of com-
mentaries that fall within a window of ¢ seconds around
the visual key frames, respectively.

ment pipeline, followed by a quantitative compari-
son and analysis of the alignment results.

Implementation Details. We use pretrained oft-
the-shelf CLIP ViT-B/32 model to extract visual
and textual features for our alignment pipeline,
which are then passed through two MLP layers
to get 512-dim features for contrastive learning.
We use the AdamW (Loshchilov and Hutter, 2019)
optimizer and the learning rate is set to 5 x 1074
to train the alignment model for 50 epochs.

Evaluation Metrics. To evaluate temporal video-
text alignment quality, we report various metrics on
4 unseen videos (with 292 samples) from our cu-
rated SN-Caption-test-align benchmark, including
the average temporal offset (avg(A)), the average
absolute temporal offset (avg(|Al)), and the per-
centage of textual commentaries falling within 10s,
30s, 45s, and 60s windows around each key frame.

Quantitative Results. As depicted in Table 2, our
proposed automatic temporal alignment pipeline
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Method | Visual Features | BLEU-1 | BLEU-4 | METEOR | ROUGE-L | CIDEr | GPT-score
Zero-shot
Video-LLaMA(7B) ViT 12.95 0.52 6.11 15.06 1.97 291
Video-LLaMA(13B) ViT 12.64 0.58 6.75 20.47 1.76 3.78
Trained on original SoccerNet-Caption
C3D 22.13 4.25 23.14 23.25 11.97 5.80
SN-Caption ResNet 26.46 5.33 23.58 23.58 13.71 6.28
Baidu 29.61 6.83 25.38 25.28 20.61 6.72
C3D 28.85 5.62 23.29 26.69 19.06 6.90
MatchVoice ResNet 28.75 5.87 23.78 26.69 20.65 6.75
(Ours) InternVideo 28.50 6.24 24.30 30.75 23.34 6.80
CLIP 28.65 6.62 24.20 27.33 24.35 6.78
Baidu 30.32 8.45 25.25 29.40 33.84 7.07
Trained on our aligned MatchTime
C3D 26.81 5.24 23.57 23.12 13.78 6.27
SN-Caption ResNet 27.63 5.75 24.05 23.42 15.65 6.33
Baidu 29.74 7.31 26.40 26.19 23.74 6.84
C3D 28.67 6.55 24.46 27.38 26.53 6.89
MatchVoice ResNet 29.21 6.60 24.11 24.32 28.56 6.84
(Ours) InternVideo 29.18 6.89 25.04 28.18 30.22 6.99
CLIP 29.56 6.90 24.62 31.25 28.66 6.82
Baidu 31.42 8.92 26.12 29.66 38.42 7.08
Apply LoRA to the LLM decoder in MatchVoice

Frozen LLM Baidu 31.42 8.92 26.12 29.66 38.42 7.08
Rank = 8 Baidu 30.85 8.77 26.45 26.44 37.72 7.21
Rank = 16 Baidu 33.22 10.10 26.79 26.06 39.27 7.32
Rank = 32 Baidu 31.55 9.33 26.53 21.62 42.00 7.23
Rank = 64 Baidu 30.71 8.63 26.36 24.32 35.33 7.35

Table 3: Quantitative Comparison on Commentary Generation. All variants of SN-caption baseline methods, our
MatchVoice are retrained on both the original unaligned SoccerNet-Caption and our temporally aligned MatchTime
training sets, while MatchVoice with LoRA applied on LLM decoder was trained on MatchTime training sets for
only. All the commentary models are evaluated on our manually curated SN-Caption-test-align benchmark. In each
unit, we denote the best performance in RED and the second-best performance in BLUE.

effectively aligns visual content and textual com-
mentary in a coarse-to-fine manner. Specifically,
our approach reduces the average absolute off-
set by 7.0s (from 13.89 seconds to 6.89 seconds)
and significantly enhances the alignment of tex-
tual commentary with key frames. It is important
to highlight that, in comparison to solely using a
contrastive alignment model, incorporating data
pre-processing enhances coarse alignment. This
provides a robust foundation for subsequent fine-
grained alignment, consistently leading to further
improvements in performance. Furthermore, the
proportion of commentary that aligns within a pre-
cise 10-second window increases dramatically by
45.41% (from 35.32% to 80.73%). Remarkably,
nearly all (98.17 %) textual commentaries now fall
within a 60-second window surrounding the key
frames, underscoring the efficacy of our two-stage
alignment pipeline.

5.2 Soccer Commentary Generation

In this part, we first detail on the implementation
details and evaluation metrics of the commentary
generation model. Then, we analyze the results
from both quantitative and qualitative perspectives.
Finally, we validate the effectiveness of the mod-
ules through ablation experiments.

Implementation Details. Our automatic commen-
tary model can employ various visual features such
as C3D (Tran et al., 2015), ResNet (He et al., 2016),
Baidu (Zhou et al., 2021), CLIP (Radford et al.,
2021), and InternVideo (Wang et al., 2022). All vi-
sual features are extracted from the video at 2FPS,
except for InternVideo and Baidu, which are ex-
tracted at 1FPS. The number of query vectors in
the temporal aggregator is fixed at 32, and the MLP
projection layer projects the aggregated features
to a 768-dimensional prefix token that is then fed
into LLaMA-3 (Al@Meta, 2024) for decoding the
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Align | Win (s) | B@1 | B@4

M |RL| C

10 25.02 | 5.00 | 23.32 | 24.65 | 19.34
F's 30 30.32 | 8.45 | 25.25 | 29.40 | 33.84
45 30.29 | 7.97 | 25.26 | 24.62 | 29.37
60 30.08 | 8.60 | 25.41 | 23.96 | 35.08
10 29.01 | 8.38 | 25.49 | 24.94 | 40.51
4 30 31.42 | 8.92 | 26.12 | 29.66 | 38.42
45 30.07 | 8.32 | 25.65 | 29.65 | 36.51
60 29.87 | 8.13 | 25.43 | 24.30 | 36.00

Table 4: Ablation study on window size. Using the
visual content within 30s around key frames yields the
best commentary performance, and temporal alignment
of data leads to a universal performance improvement.

textual commentaries. The learning rate is set to
1 x 10~ to train the commentary model for 100
epochs. All experiments are conducted with one
single Nvidia RTX A100 GPU. For baselines, we
retrain several variants of SN-Caption (Mkhallati
et al., 2023) using its official implementation.

Evaluation Metrics. To evaluate the quality of gen-
erated textual commentaries, we adopt various pop-
ular metrics, including BLEU (B) (Papineni et al.,
2002), METEOR (M) (Banerjee and Lavie, 2005),
ROUGE-L (R-L) (Lin, 2004), CIDEr (C) (Vedan-
tam et al., 2015). Additionally, we also report the
GPT-score (Fu et al., 2024), ranging from 1 to 10,
based on semantic information, expression accu-
racy, and professionalism. This score is provided
by GPT-3.5 using the ground truth and generated
textual commentary as inputs, with the prompt de-
scribed in Appendix A.3.

Quantitative Results. As depicted in Table 3,
we can draw the following four observations: (i)
Off-the-shelf vision-language models struggle to
achieve satisfactory performance on the soccer
game commentary generation task in a zero-shot
manner, indicating that the professional nature
of this task requires additional training on spe-
cific data to be adequately addressed; (ii) Our
proposed MatchVoice significantly outperforms
existing methods in generating professional soc-
cer game commentary, establishing new state-of-
the-art performance; (iii) Both the baseline meth-
ods and our MatchVoice benefit from temporally
aligned data, demonstrating the superiority and ne-
cessity of temporal alignment; (iv) Commentary
models based on Baidu visual encoder perform
better than others, we conjecture this is because
the pretraining on soccer data further improves the
quality of commentary generation.

Coarse Fine\B@l \B@4\ M \ R-L \ C
X X 3032 845 | 2525 | 29.40 | 33.84
v X 13052 890 | 25.73 | 28.18 | 37.53
X v | 3055 8.81 | 26.03|29.40 | 36.13
v vV | 3142 892 | 26.12 | 29.66 | 38.42

Table 5: Ablation study on alignment strategy. The
quality of temporal alignment is directly reflected in
downstream commentary generation tasks: better align-
ment leads to better commentary generation quality.

Qualitative Results. In Figure 6, we present
qualitative examples on temporal alignment, show-
ing that our model enables to correctly align the
commentary text with corresponding visual frame.
In Figure 5, we show the predictions from our
MatchVoice model, and compare them with base-
line results and ground truth. It can be seen that
our proposed model can generate accurate textual
commentaries for professional soccer games that
are rich in semantic information.

Ablation Studies. All ablation experiments are
conducted using MatchVoice with Baidu features.

(i) Window Size. The size of the temporal win-
dow affects the number of input frames, which
in turn impacts the performance of commentary
generation. Therefore, we sample frames within
windows of 10s, 30s, 45s, and 60s around the com-
mentary timestamps, and then train and evaluate the
commentary generation model to assess the effect
of window size on generation quality. As shown
in Table 4, our MatchVoice performs best with a
window size of 30 seconds, which is shorter than
the 45s window raised in previous work (Mkhal-
lati et al., 2023). This indicates that our alignment
pipeline precisely synchronizes visual information
with the corresponding timestamps. Additionally,
the aligned data improves performance across all
temporal window settings, especially in the ex-
treme case of a 10s window, demonstrating the
necessity of temporal alignment.

(ii) Alignment Strategy. To validate the ben-
efits of temporal alignment on downstream tasks,
we train our MatchVoice model using data with
different levels of alignment, with a fixed window
size of 30 seconds, and compare their performance
(where ‘Coarse’ refers to only data pre-processing
and ‘Fine’ stands for fine-grained temporal align-
ment). As depicted in Table 5, compared to using
the original misaligned dataset, training on either
coarse-aligned or fine-aligned data significantly
improves performance. Furthermore, the model
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[PLAYER] ([TEAMY]) is caught offside !
MatchVoice: [PLAYER] ([TEAM]) is forced to stop his attacking move after the linesman
signals for offside.
GT: [PLAYER] ([TEAM))is offside and the linesman raises his flag.

[PLAYER] ([TEAM]) takes the ball and sets it for the free kick .
MatchVoice: [PLAYER] ([TEAM]) picks up the ball on the edge of the box and produces
a brilliant low drive into the bottom right corner.
GT: The ball is whipped in from the free kick and finds the head of [PLAYER]
([TEAM]), who rises and produces an amazing header inside the right post.

[PLAYER] ([TEAM]) takes the corner but fails to find any of his teammates .
MatchVoice: [PLAYER] ([TEAM]) takes the corner with a short pass.
GT: [PLAYER] ([TEAM]) quickly takes the corner kick with a short pass.

[PLAYER]([TEAM])is clearly asking for some medical attention with his
painful gestures . The extent of his injury is yet to be discovered.
MatchVoice: [PLAYER] ([TEAM]) is being forced to leave the pitch in order to receive
medical treatment and his team will play with a man short for a few minutes.
GT: The game is interrupted now, [PLAYER] ([TEAM]) picks up a knock and
the physio has to come on.

Figure 5: Qualitative results on commentary generation. Our MatchVoice demonstrates advantages in multiple
aspects: (a) richer semantic descriptions, (b) full commentaries of multiple incidents in a single video, (c) accuracy

of descriptions, and (d) predictions of incoming events.

trained on the two-stage aligned data exhibits the
largest performance improvement, which demon-
strates the necessity of temporal alignment to boost
commentary generation quality.

(iii) LoRA on LLMs Decoder. Given that the
Baidu visual encoder pretrained on soccer data
could potentially boost performance, we further
investigate the impact of fine-tuning the language
decoder on soccer-specific data. Considering the
high computational cost of fine-tuning the entire
LLM, we introduce a small number of trainable
LoRA (Hu et al., 2022) layers within the LLMs
decoder to capture the priors from soccer game
commentary data. As presented in Table 3, intro-
ducing these LoRA layers leads to notable perfor-
mance improvements, highlighting the necessity of
leveraging soccer-specific priors within the dataset.

6 Related Works

Temporal video-text alignment aims to precisely
associate textual descriptions or narratives with
their corresponding video segments. Large-scale
instructional videos such as HowTo100M (Miech
etal., 2019) and YouCook?2 (Zhou et al., 2018) have
already catalyzed extensive multi-modal alignment
works based on vision-language co-training. Con-
cretely, TAN (Han et al., 2022) directly aligns pro-
cedure narrations transcribed through Automatic
Speech Recognition (ASR) with video segments.
DistantSup (Lin et al., 2022) and VINA (Mavroudi
et al., 2023) further explore leveraging external
knowledge bases (Koupaee and Wang, 2018) to
assist the alignment process, while Li et al. (2024c)
propose integrating both action and step textual in-
formation to accomplish the video-text alignment.

In this paper, we train a multi-modal alignment
model to automatically correct existing data and
build a higher-quality soccer game commentary
dataset. Moreover, we further demonstrate the
superiority and indispensability of our alignment
pipeline through downstream commentary tasks,
confirming its critical significance.

Video captioning has been a long-standing re-
search challenge in computer vision (Krishna et al.,
2017; Yang et al., 2023), primarily due to the lim-
ited annotation and expensive computation. Bene-
fiting from the development of LLMs, recent mod-
els, such as LLaMA-VID (Li et al., 2024b) and
Video-LLaMA (Zhang et al., 2023) propose strate-
gies for linking visual features to language prompts,
harnessing the capabilities of LLaMA (Touvron
et al., 2023a,b) models for video description. Fur-
thermore, VideoChat (Li et al., 2023, 2024a) treats
video captioning as a subtask of visual question
answering, while StreamingCaption (Zhou et al.,
2024) can generate captions for streaming videos
using a memory mechanism.

Notably, the AutoAD series (Han et al., 2023b,a,
2024) apply video captioning to a specific domain
— synthesizing descriptive narrations for movie
scenes to assist visually impaired individuals in
watching movies. Similarly, in the context of soc-
cer, a distinctive sports scenario, we develop a tai-
lored soccer game commentary model to enrich the
viewing experience for audiences.

Sports video understanding (Thomas et al., 2017)
has widely attracted the interest of researchers
due to its complexity and professional relevance.
Early works such as FineGym (Shao et al., 2020)
and FineDiving (Xu et al., 2022) aim to develop
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W Commentary Text:

“[PLAYER] ([TEAM])
8 puts a cross into the

% box from the corner
but there is no panic
from the opposition
and they easily clear.”

‘W Commentary Text:

. “[COACH)] decides to
| make a substitution.
[PLAYER] will be

4 replaced by [PLAYER]
@ (TEAM)).”

Commentary Text:

“[PLAYER] (|TEAM])
infringed the rules and
goes into the book.
[REFEREE] pulls out
a yellow card.”

®  Commentary Text:

"[PLAYER] ([TEAM])

is clearly asking for
some medical attention
with his painful gestures.
The extent of his injury
is yet to be discovered."”

Figure 6: Qualitative results on Temporal Alignment. For the same commentary text, original timestamps in
SoccerNet-Caption are in Orange, those timestamps after alignment in MatchTime are in Green.

fine-grained datasets for action recognition and
understanding in specific sports. Subsequently,
focusing on soccer, a series of SoccerNet (Gi-
ancola et al., 2018a) datasets systematically ad-
dress various challenges related to soccer, including
player detection (Vandeghen et al., 2022), action
spotting (Giancola et al., 2018a), replay ground-
ing (Held et al., 2023), player tracking (Cioppa
et al., 2022), camera calibration (Giancola et al.,
2018b) and re-identification (Deliege et al., 2021).
These endeavours have paved the way for more
ambitious research goals, such as utilizing Al for
soccer game commentary (Mkhallati et al., 2023;
Qi et al., 2023). Additionally, other approaches
have targeted aspects of sports analysis, such as
basketball game narration (Yu et al., 2018) and
tactics analysis (Wang et al., 2024).

A concurrent work, SoccerNet-Echoes (Gautam
et al., 2024) proposes to leverage audio from videos
for ASR and translation to obtain richer text com-
mentary data. However, this approach overlooks
that unprocessed audios often contain non-game-
related utterances, which may confuse model train-
ing. Building upon the aforementioned progress,
our goal is to construct a dataset with improved
alignment to train a more professional soccer game
commentary model, thereby achieving a better un-
derstanding of sports video.

7 Conclusion

In this paper, we consider a highly practical and
commercially valuable task: automatically gener-
ating professional textual commentary for soccer
games. Specifically, we have observed a preva-
lent misalignment between visual contents and
textual commentaries in existing datasets. To ad-
dress this, we manually correct the timestamps
of textual commentary in 49 videos in the ex-
isting dataset, establishing a new benchmark for

the community, termed as SN-Caption-test-align.
Building upon the manually checked data, we pro-
pose a multi-modal temporal video-text alignment
pipeline that automatically corrects and filters ex-
isting data at scale, which enables us to construct
a higher-quality soccer game commentary dataset,
named MatchTime. Based on the curated dataset,
we present MatchVoice, a soccer game commen-
tary model, which can accurately generate profes-
sional commentary for given match videos, signifi-
cantly outperforming previous methods. Extensive
experiments have validated the critical performance
improvements achieved through data alignment, as
well as the superiority of our proposed alignment
pipeline and commentary model.

Limitations

Although our proposed MatchVoice model can
generate professional textual commentary for given
soccer game videos, it still inherits some limitations
from existing data and models: (i) Following pre-
vious work, our commentary remains anonymous
and cannot accurately describe player information
on the field. This is left for future work, where we
aim to further improve the dataset and incorporate
knowledge and game background information as
additional context; and (ii) MatchVoice may some-
times struggle to distinguish between highly similar
actions, such as corner kicks and free kicks. This
mainly stems from the current frozen pre-trained
visual encoders and language decoders. Our pre-
liminary findings suggest that fine-tuning on soccer-
specific data might effectively address this issue in
the future.
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A Appendix

A.1 Dataset Split

We split the total 471 matches of our dataset (in-
cluding automatically aligned MatchTime and
manually curated SN-Caption-test-align bench-
mark) into training (373 matches), validation (49
matches), and test (49 matches) sets, consisting
of 26,058, 3,418, and 3,267 video clip-text pairs,
respectively. Notably, all test samples are from our
manually checked SN-Caption-test-align, which
serves as a better benchmark on soccer game com-
mentary generation for the community.

A.2 Implementation Details

In this section, we provide additional details regard-
ing the implementations as follows.

Baseline Methods. For baselines, we retrain sev-
eral variants of SN-Caption (Mkhallati et al., 2023)
with its official implementation. NetVLAD++ (Gi-
ancola and Ghanem, 2021) is adopted to aggre-
gate the temporal information of the extracted fea-
tures. Then the pooled features are decoded by an
LSTM (Hochreiter and Schmidhuber, 1997).

Event Summarization. Considering that the nar-
rations by commentators may be fragmented and
colloquial, we feed the ASR-generated narration
texts into the LLaMA-3 (AI@Meta, 2024) model
and use the following prompt to summarize them
into event descriptions for every 10 seconds:

"I will give you an automatically recognized
speech with timestamps from a soccer game
video. The narrator in the video is comment-
ing on the soccer game. Your task is to summa-
rize the key events for every 10 seconds, each
commentary should be clear about the person
name and soccer terminology. Here is this
automatically recognized speech: \n \n {times-
tamp intervals: ASR sentences} \n \n You need
to summarize 6 sentence commentaries for O-
10s, 10-20s, 20-30s, 30-40s, 40-50s, 50-60s
according to the timestamps in automatically
recognized speech results, every single sen-
tence commentary should be clear and consise
about the incidents happened within that 10
seconds for around 20-30 words. Now please
write these 6 commentaries.\n Answer:"

Timestamp Prediction. With the event descrip-
tions and their corresponding timestamps, we in-
put them along with the textual commentaries into

LLaMA-3 (Al@Meta, 2024) to predict the times-
tamps for the textual commentaries based on sen-
tence similarity, providing a solid foundation for
fine-grained alignment. The prompt used for this
step is as follows:

"l have a text commentary of a soccer game
event at the original time stamp: \n \nOrig-
inal timestamp here: {Original commentary
here (from SoccerNet-Caption)} \n \n and 1
want to locate the time of this commentary
among the following events with timestamp:
\n {timestamp intervals of 10s: summarized
events}. \n These are the words said by nar-
rator and I want you to temporally align the
first text commentary according to these words
by narrators since there is a fair chance that
the original timestamp is somehow inaccurate
in time. So please return me with a number
of time stamp that event is most likely to hap-
pen. I hope that you can choose a number
of time stamp from the ranges of candidates.
But if really none of the candidates is suitable,
you can just return me with the original time
stamp. Your answer is:"

A.3 Evaluation Metrics

In this paper, most evaluation metrics (BLEU (Pap-
ineni et al., 2002), METEOR (Banerjee and Lavie,
2005), ROUGE-L (Lin, 2004), CIDEr (Vedantam
et al., 2015)) are calculated using the same function
settings with SoccerNet-Caption (Mkhallati et al.,
2023), by the implementation of pycocoevalcap
library. GPT-score (Fu et al., 2024) is given by
GPT-3.5 with the following text as prompt:

"You are a grader of soccer game commen-
taries. There is a predicted commentary by
Al model about a soccer game video clip and
you need to score it comparing with ground
truth. \n \n You should rate an integer score
from 0 to 10 about the degree of similarity
with ground truth commentary (The higher the
score, the more correct the candidate is). You
must first consider the accuracy of the soccer
events, then to consider about the semantic in-
formation in expressions and the professional
soccer terminologies. The names of players
and teams are masked by "[PLAYER]" and
"[TEAM]". \n \n The ground truth commen-
tary of this soccer game video clip is: \n \n
"{Ground truth here.}" \n \n I need you to rate
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the following predicted commentary from 0
to 10: \n\n "{Predicted Commentary here.}"
\n \n The score you give is (Just return one
number, no other word or sentences):"

A.4 Details of Temporal Alignment

For our proposed fine-grained temporal alignment
model, sampling appropriate positive and negative
examples for contrastive learning affects the re-
sults.

Window(s)

avg(A) (s)
avg(|A]) (s)

WinOWuJ (%)
windowso (%)
windowys (%)
windowego (%)

| 60 120 150 180 240

-0.54  0.03 044 234 -577
14.06 6.89 1506 11.94 16.77

97.71 98.17 91.28 91.28 85.78
94.04 95.41 88.07 88.53 82.57
81.65 91.28 84.40 83.94 81.65
59.17 80.73 7523 79.36 78.90

Table 6: Alignment Results of Different Windows

As depicted in Table 6, we have experimented
with sampling windows of different lengths and
observed that using a 120-second window around
the manually annotated ground truth (i.e., 60 sec-
onds before to 60 seconds after) can yield optimal
alignment performance. Specifically, for each text
commentary, we treat the key frame corresponding
to its ground truth timestamp as the positive sam-
ple, while other samples within a fixed window size,
sampled at 1 FPS, serve as negative samples (i.e.,
those within 5 to 60 seconds temporal distance to
the ground truth timestamp).

Considering that data pre-processing based on
ASR and LLM provides a coarse alignment and
that there might be replays in soccer game videos,
during the inference stage, we use key frames from
45 seconds before to 30 seconds after the current
textual commentary timestamp as candidates.

A.5 Divergence Among Annotators

Although the recruited volunteers are all football
enthusiasts, there exists noticeable subjectivity and
variability in manual annotations due to different
understandings of soccer terminology and actions.

To quantify this, three volunteers are
asked to annotate two matches from our
SN-Caption-test-align benchmark. We observe
an ‘“alignable/unalignable” disagreement among
different annotators on 6.29% of the samples.
Additionally, the average of maximum discrepancy
between the timestamps provided by different
annotators is 5.57 seconds, which can somehow

seen as the performance upper-bound of automatic
alignment models.

A.6

In this part, we present more qualitative results of
our proposed MatchVoice model on soccer game
commentary generation, shown in Figure 7.

More Qualitative Results
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MatchVoice: [PLAYER] ([TEAMY]) latches on to a precise low pass on the edge of the box and unleashes a shot that goes narrowly wide of the left post.
GT: [PLAYER] ([TEAM]) strikes a shot towards goal from the edge of the penalty box, but it flies just wide of the left post.

£ T

MatchVoice: [PLAYER] ([TEAM]) latches on to a precise pass on the edge of the box and unleashes a low drive towards the middle of the goal. [PLAYER] pulls off a
comfortable save. The ball goes out of play and [TEAM] will have a goal kick.
GT: [PLAYER] ([TEAM]) shoots from the edge of the penalty area. The ball travels towards the bottom right corner, but [PLAYER] easily deals with the threat.

MatchVoice: [PLAYER] ([TEAM]) tries to find [PLAYER], but he puts too much weight on his pass.
GT: [PLAYER] ([TEAM]) crosses the ball forward but it is intercepted

MatchVoice: [PLAYER] ([TEAM]) will take the responsibility and he is already preparing the ball.
GT: [PLAYER] ([TEAMY]) confidently powers his spot-kick into the left side of the goal.

MatchVoice: The referee stops play so that a substitution can be made and [PLAYER] ([TEAM]) comes onto the pitch for [PLAYER].
GT: [COACH] has decided to make a change. [PLAYER] ([TEAM]) replaces [PLAYER].

MatchVoice: [PLAYER] ([TEAM)) is booked after bringing down an opponent. [REFEREE] made the right call.
GT: [PLAYER] ([TEAM]) picks up a yellow card for a foul. [TEAM] win a free kick. It's a promising situation for a direct shot.

MatchVoice: [PLAYER] ([TEAM]) goes over to take the corner kick and it looks like he will send the ball into the penalty box.
GT: [PLAYER] ([TEAM]) will try to find the head of one of his teammates from a corner kick.

Figure 7: More qualitative results on commentary generation.
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