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Abstract—Soccer commentary plays a crucial role in enhancing
the soccer game viewing experience for audiences. Previous
studies in automatic soccer commentary generation typically
adopt an end-to-end method to generate anonymous live fext
commentary. Such generated commentary is insufficient in the
context of real-world live televised commentary, as it contains
anonymous entities, context-dependent errors and lacks statistical
insights of the game events. To bridge the gap, we propose GAME-
SIGHT, a two-stage model to address soccer commentary generation
as a knowledge-enhanced visual reasoning task, enabling live-
televised-like knowledgeable commentary with accurate reference
to entities (players and teams). GAMESIGHT starts by performing
visual reasoning to align anonymous entities with fine-grained
visual and contextual analysis. Subsequently, the entity-aligned
commentary is refined with knowledge by incorporating external
historical statistics and iteratively updated internal game state
information. Consequently, GAMESIGHT improves the player
alignment accuracy by 18.5% on SN-Caption-test-align dataset
compared to Gemini 2.5-pro. Combined with further knowledge
enhancement, GAMESIGHT outperforms in segment-level accu-
racy and commentary quality, as well as game-level contextual
relevance and structural composition. We believe that our work
paves the way for a more informative and engaging human-
centric experience with the AI sports application. Demo page:
https://gamesight2025.github.io/gamesight2025.

I. INTRODUCTION

The soccer industry holds a significant position in the global
sports market, with a fan base of over five billion people [1].
As one of the key elements of the viewing experience,
soccer commentary is of vital importance in enhancing fan
engagement and delivering captivating information. This has
sparked considerable interest in automatic soccer commen-
tary generation [2], [3]. Given a segment of soccer game
video, end-to-end soccer commentary generation models, e.g.,
MatchVision [4] and SoccerComment [5], primarily focus
on producing descriptions in the style of anonymous [live
text commentary. However, they fall short when it comes to
replicating the real-world live televised commentary.

Professional live televised commentary is characterized by
several key elements to captivate the audience: (1) Accurate
reference to entities [6]. By aligning names of players and
teams in the sportscasting footage and the ongoing events,
game commentators help the audience to understand the un-
folding action. (2) Awareness of the internal game context.
Commentators also integrate the dynamic match context to
offer a comprehensive interpretation of current game state.
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Fig. 1: Overview of the proposed GAMESIGHT. It incorporates
visual and contextual information to generate soccer commen-
tary that is entity-aligned and knowledge-enhanced.

The commentary paragraph should flow continuously, rather
than being fragmented, to maintain a cohesive narrative. (3)
Utilization of external statistics. Commentary should consist
of not only description, but also explanation and comment [7].
Combining historical statistical knowledge serves as the foun-
dation of these broader perspective and deeper insights [8].

Previous soccer commentary models fail to meet the above
from the following aspects. Prob. 1: Absence of entity
grounding. Previous models generate lines with anonymized
player and team labels as placeholders [2], incompetent for
aligning the specific players involved in the events. Prob. 2:
Context-dependent errors. These models are unaware of
broader context as they aim solely at increasing the text
similarity in video captioning. This leads to context-dependent
errors in critical game information, such as incorrect score
announcements following goal events. Prob. 3: Lack of
statistical insight. Live text commentary inherently focus on
descriptive commentary due to the absence of video, which
differs from live televised commentary. As a result, previous
models lack the incorporation of statistical knowledge.

To tackle the three key discrepancies between end-to-
end soccer commentary models and human-centric televised
commentary, we propose GAMESIGHT, a two-stage model
that addresses soccer commentary generation as a knowledge-
enhanced visual reasoning task. We move beyond the limited
end-to-end captioning by decoupling the task into visual en-
tity grounding and knowledge-driven refinement. This design
mimics the cognitive process of human commentators: first
identifying the participants through visual and contextual cues,
and then enriching the narrative with deep domain knowl-
edge, as illustrated in Fig. 1. By integrating both internal
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Fig. 2: Unlike previous end-to-end models, GAMESIGHT is a two-stage system that addresses soccer commentary generation as
a knowledge-enhanced visual reasoning task. It revises and enriches the anonymized commentary with Stage I: visual reasoning
for entity alignment, and Stage II: commentary refinement with knowledge.

game context and external historical statistics, GAMESIGHT
produces commentary that is not only visually accurate but
also contextually profound.

In summary, our contributions are three-fold:

« We introduce soccer commentary generation as a
knowledge-enhanced visual reasoning task, bridging the
gap between automated live-text like commentary and
human-centric live televised like commentary.

« We propose GAMESIGHT, a two-stage system that lever-
ages fine-grained visual and contextual information to
conduct entity alignment and knowledge enhancement for
commentary.

o Experiments show that GAMESIGHT outperforms in both
segment-level and game-level to generate accurate, in-
formative and engaging commentary, showcasing the
capability of Al-based method to enrich the viewing
experience in sports analysis.

II. PROBLEM FORMULATION

To bridge the gap, we formulate soccer commentary gen-
eration as a knowledge-enhanced visual reasoning task.
Given a soccer video segment S and its corresponding initial
anonymized commentary C'4 (typically generated by an end-
to-end model), our goal is to produce a final commentary Cx g
that is both entity-accurate and contextually insightful.

A. The Two-Stage Design Rationale

Unlike previous end-to-end approaches, we decouple the
task into two specialized stages (as shown in Fig. 2) to address
the three problems:

Stage I: Align Entity with Visual Reasoning (Prob. 1).
As shown in the pre-experiment (Sec. III-A), human rely
on a rich set of contextual and visual cues to understand
the event-related players besides the player tracking [9] in
long view scenes. Inspired by this insight, Stage I is trained
with supervised fine-tuning (SFT) and group relative policy
optimization (GRPO) to combine internal game context and

fine-grained shot analysis to transform C'4 into entity-aligned
commentary Cga (Sec. III-E).

Stage II: Commentary Refinement with Knowledge
(Prob. 2 & 3). An analysis of live televised commentators’
practices (Sec. IV-A) reveals their frequent and flexible ap-
plication of relevant knowledge. In line with this behavior,
we develop a soccer knowledge-augmented generation (KAG)
system and an iteratively updated database of internal game
context knowledge in Stage II to generate Cxg.

B. Formal Objectives

Formally, the pipeline is modeled as two successive stages:

Stage I (Sec III): foign(S,Ca, Context) — Cga. This
function focuses on maximizing the grounding accuracy
of Cgy relative to the ground-truth players in S. The
Context includes contextual clues Cgg (Sec. III-B), visual
clues Scene (Sec. III-C), and the prior knowledge guidance
W (Sec. III-D).

Stage II (Sec IV): fenricn(Cra, Keat, Kint) = Ck . This
function focuses on generating Cx  with not only statistically
accurate and contextually related commentary, but also in-
sightful explanations and comments in a training-free manner,
where K..; (Sec. IV-B) and KC;,,; (Sec. IV-C) denote external
statistics and internal match history, respectively.

III. STAGE I: ALIGN ENTITY WITH VISUAL REASONING
A. Empirical Study

Given a soccer video segment and a piece of anonymized
commentary, we develop a “Player Guessing” game and recruit
three expert soccer commentators to take part in the study on
five matches. During the game, once the participants get a
correct answer, they are request to recall the clues they rely
on to pinpoint the player. Consequently, human participants
have an accuracy of 96.3%. As illustrated in Fig. 4, the correct
identifications are made through various cues. Notably, 84.5%
of the correct identifications were done by more than just long
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Fig. 4: Human reliance for the “Player Guessing” game.

B. Internal Game Context Construction

The context game state C'gg iteratively updates through-
out the game. It mainly includes the temporal team line-up
T, KeyFEvent timeline, and HistoryEvent timeline. For a
match between the home team Teamj (Color, jersey) and
away team T'eam, (Color, jersey), the construction of each
component is elaborated in Appendix Sec. D-A.

C. Fine-grained Shot Analysis

As shown in Fig. 3, shot views in a soccer video are
usually categorized into four classes: long view, medium view,
close-up view, and out-of-field view [10]. In the soccer game
sportscasting footage, players appearing in the preceding or
following close-up and medium views are more likely to be
related to events recently happened on the field. Therefore,
they provide potentially identity information to pinpoint the
anonymized player. For the purpose of fine-grained details ex-
traction, “medium view” and “close-up view” are collectively
referred to as “close view” in the following sections. We apply
several processing steps to capture the fine-grained visual
details Scene of the input video, including (1) Shot boundary
detection with view classification, (2) Player face recognition,
(3) Player jersey recognition and (4) Team affiliation detection.
See Appendix Sec.D-B for details in each procedure.

D. Frame-Level Event Grounding Guidance

A 30-second video segment typically contains far more
events than the described one, as soccer video clips are not
trimmed at the event level but centered around the ground-
truth timestamp. For example, a corner kick may seamlessly
shift into open play. Therefore, identifying the correct event
within this fixed-length segment is essential.

However, foundational video-LMMs often struggle to cap-
ture complex multi-player dynamics in the soccer domain.
To address this, we leverage the state-of-the-art soccer com-
mentary model, MatchVision [11], to obtain prior knowledge
between videos and commentary events. Since the precise

commentary response can only be generalized from the accu-
rately grounded video segments, we obtain a frame-wise vector
W from the Q-former’s cross-attention layers of MatchVision
to represent the relevance of each video frame to the generated
narration (Details provided in Appendix Sec.D-C). It can be
seen as the arousal of each frame in generating the com-
mentary text, which serves as a frame-level event grounding
guidance.

E. Instruction Tuning with video-LMM

Given the video S and anonymized commentary C4, with
Context = {Cgs(t), Scene(t), W(t)} as prompt, we lever-
age Video-LMM’s visual understanding and reasoning capabil-
ity to infer the correct answer Player, and his team affiliation
Teamg (example shown in Appendix Fig. 1). Due to the
suboptimal performance of the base video-LMM model, we
employs two kinds of fine-tuning strategies to fine-tune the
base model. Firstly, we adopt SFT to establish task-specific
grounding. We further implement the GRPO approach to fur-
ther enhance the model’s compositional reasoning capability
and reward alignment in this single choice problem.

To prepare the training data for this visual reasoning task,
we use the answer-guided reasoning strategy to decompose
the problem with Chain-of-Thought reasoning. Through this
process, we generate a train set guided by the correct an-
swer reasoning procedure to bootstrap reasoning with reason-
ing [12]. For data augmentation, we query about the [Team]
and [Player] separately with different CoT strategies (See
prompt details in Appendix Sec.D-J).

IV. STAGE II: REFINE COMMENTARY WITH KNOWLEDGE

A. Knowledge Application in Sportscasting

= Commentary = Broadcast Commentary with Knowledge

0 0.1 0.2 0.3 0.4 0.5

corner
clearance
shot off target
Sfoul with no card
lead to corner
yellow card
off side
injury
goal
saved by goal-keeper
free kick
ball out of play
penalty
ball possession
second yellow card
red card
throw in

0.5 0.4 0.3 0.2 0.1 0

Fig. 5: Distribution of commentary at event level.



Live televised commentary exhibits diverse styles due to
factors like the commentators’ standpoint, oral habits, per-
sonality, and cultural background. While it is hard to recon-
cile these differences, human commentators share a mutual
preference for incorporating contextual knowledge to offer
explanations and comments on the visual scenes.

We compared the knowledge injection in live text com-
mentary and audio transcriptions of live text commentary [5].
Inspired by FLARE [13], knowledge is extracted by LLM
through paired explicit query formulations. We prompt GPT-
40 to identify the expert knowledge embedded within the
commentary. Additionally, we employ a self-asking mecha-
nism [14] to generate constrained questions grounded in the
extracted knowledge. It is found that 15.02% of the live
televised commentary contains various knowledge, whereas
only 3.16% of the live text commentary includes knowledge
and is mostly limited to game score updates. The distribution is
illustrated in Fig. 5. The major events where human commen-
tators tend to reference knowledge include Goal, C'orner, and
Card. Furthermore, based on the source of the information,
knowledge are categorized into external knowledge, which
rely on the historical statistics from other games, and internal
knowledge, which refers to the static background information
and dynamic updated events from the current game.

B. External Soccer KAG System Modification

The soccer KAG system, built upon SoccerRAG [15], is
designed for acquiring external statistics. To better emulate
human commentator behavior, we propose several key en-
hancements. Firstly, we expanded the set of query exemplars
in high-frequency commentary-related questions to enhance
accuracy in the transition between natural language and SQL
queries. We also developed augmented data schema to add
support in finer-grained event-level queries, such as own-goal
and penalty for players and teams. Furthermore, we designed
strict temporal constraints within the query generation schema
to ensure future matches excluded from retrieval. It maintains
the temporal integrity of the database and prevents data
leakage during inference.

C. Internal Game Context Tracking

The internal game context module tracks in-game infor-
mation essential for commentary generation. Its construc-
tion follows an approach similar to Sec. III-B, with ad-
justments guided by the human commentators’ reference
habits (Sec. IV-A). Detailed background about the mentioned
player, such as nationality and height, are provided in this
module. Fine-grained information such as the goal scorer,
assisting players, and the specific method of goal achievement
(e.g., penalty, header, or own goal) are also captured.

D. Commentary Refinement with LLM

With the stage I commentary Crpa describing the basic
current event, we use GPT-40 to generate questions related
to external statistics. The responses from the KAG system are
then double checked with LLM to discard the invalid answers

with repetition or incorrect temporal range. In addition, inter-
nal game context knowledge, such as the key timeline of the
mentioned event and detailed player information, are explicitly
prompted for the model to quote. This process enhances the
accuracy and insight of the commentary, making it more
aligned with live televised commentary.

V. EXPERIMENTS

In this section, we first introduce the experimental setup in
Sec. V-A, then unfold two series of experiments for each stage
of GAMESIGHT. As to stage I, Sec. V-B shows experiments on
the accuracy of entity alignment. For stage II, we evaluate the
performance of GAMESIGHT refined commentary in Sec. V-C
from segment-level: baseline comparison, knowledge accu-
racy, and game-level: structural similarity, sentiment polarity
and contextual relevance.

A. Experimental Setup

Stage 1. We use the test set from SN-Caption-test-align (49
games, 2,305 segments) and train set from MatchTime (419
games, 18,826 segments). Zero-shot experiments on video-
LMMs are conducted with video fps=1 and video quality
in 720p (1,280x720 pixels) for the clearest visual details.
Instruction-tuning experiments are conducted on 4 x H100
(80G) GPUs, with fps=1 and video quality in 180p (320x 180
pixels) due to the resource limit. We use Qwen2.5-VL-7B-
Instruct as the backbone model. SFT experiments are trained
for 2 epochs with a learning rate of le-4. LoRA [16] is adopted
with a rank of 8. GRPO experiments are trained each for
600 steps with binary reward. Learning rate is le-6 and (3
coefficient is 0.1. Following [17], we only utilize video, query,
and the ground truth answer for training.

We report Player alignment accuracy, and derive Team
alignment accuracy based on the predicted player’s team.
Player, and Team, denote settings where the correct team
affiliation is given, reducing the candidate search space.
Stage II. As to segment-level commentary generation, we
use SN-Caption-test-align (live text) and Goal benchmark [6]
(live televised) as two versions of ground truth. The state-
of-the-art soccer commentary models MatchVoice [4] and
MatchVision [11] are chosen as the baselines. We employ
BLEU [18], CIDER [19], METEOR [20] and ROUGE [21] as
evaluation metrics. All commentary are anonymized for a fair
comparison. For the internal knowledge accuracy evaluation,
we conduct knowledge refinement using ICL knowledge only,
and extract the referred internal statistics using the same
prompt as Sec. IV-A. Catering to external knowledge accuracy,
we manually tailor a set of 500 statistical questions reflecting
human commentators’ reference habits. Detailed samples are
elaborated in Appendix F-A.2.

For game-level evaluation, we consider two baselines: the
game-wise concatenated live text commentary [22], and the
whole 90 minutes sportscast’s ASR transcription [23]. In
quantitative analysis, we adopt human evaluation, sentiment
polarity, and the Coh-Metrix [24] in discourse analysis to eval-
uate the coherence and contextual relevance. For the structural



composition of commentary, sport communication experts [7]
defines three logical categories: description, explanation, and
comment, with the criteria that description in live televised
commentary should not exceed 50%. We use GPT-3.5-turbo
to conduct the classification.

B. Accuracy of Entity Alignment

Exp. 1: Zero-shot accuracy test of video-LMMs and LLMs.
We select Qwen2.5-VL-7B-Instruct [25], InternVL3 [26],
VideoLLaMA3-7B [27], and LLaVA-OneVision [28] as the
representative of open-sourced video-LMMs, Gemini 2.5-
pro [29] for close-sourced video-LMM, GPT-4o0 [30], GPT-o1-
preview [31] and DeepSeek-R1 [32] for close-sourced LLMs.
We additionally use the top-1/3 accuracy for player alignment.
Tab. I demonstrates the zero-shot abilities of all kinds of video-
LMMs and LLMs in the player alignment reasoning task.
Although the contextual and visual clues can be organized in
text format, LLMs performance falls short of the open-sourced
video-LMMs, indicating the importance of involving visual
modality to further observe the related scene. While Qwen2.5-
VL lags behind close-sourced video-LMM in performance,
it outperforms open-sourced models and most LLMs, which
serves as the superior backbone for further fine-tuning.

TABLE I: Zero-shot performance of video-LMMs and LLMs.
Bolded and underlined for the 1st and 2nd largest value.

Model Player@1 @3 Team  Player@Ql. @3, Teamc
Qwen2.5-VL 354 393 70.9 43.8 48.6 91.4
InternVL3 26.3 39.1 722 30.8 47.4 92.0
VideoLLaMA3 17.2 27.5 63.7 19.4 36.4 83.7
LLaVA-OV 18.7 18.9 66.7 21.7 21.9 87.9

" Gemini 2.5-pro 526 559 712 T 613 624 T 969

" GPT4o ~ T T 2020 T T 240 495 T T 377 T T 450 T 980
GPT-ol 30.7 37.9 539 40.8 62.8 98.2
DeepSeek-R1 23.8 28.6 429 359 63.2 97.6

Exp. 2: Instruction tuning with video-LMM. Tab. II val-
idates the effectiveness of the proposed fine-tuning strategy.
Introducing SFT markedly improves Player accuracy by
27.3% compared with base model, demonstrating strong task
grounding with SFT. GRPO alone is less effective than SFT
in boosting the performance, but it still shows that struc-
tured reasoning benefits from reward-driven alignment with
a modest improvement. The combination of both SFT and
GRPO leads to the best overall performance, with substantial
gains in all categories besides Team.. The synergy between
SFT and GRPO proves crucial for addressing the multifaceted
challenges of visual reasoning in video-LMMs.

TABLE II: Experiment results of fine-tuning on Qwen2.5-VL.

Training Strategy Player T Team T  Playerc 1 Teame T

Qwen2.5-VL #1 359 69.6 43.9 92.5
CEUESFT T T T T T 732 8L T 6100 T 9L

#1 + GRPO 437 72.9 50.7 927

#1 + SFT+GRPO (Ours)  71.1 84.7 75.9 88.7

C. Commentary Refinement Evaluation

Exp. 3: Segment-level commentary baseline comparison.
Tab. III shows that GAMESIGHT has competitive performance

TABLE III: Comparison with baselines.

Model BLEU METEOR ROUGE CIDEr
Live text as GT
MatchVoice 15.182 22.142 18.262 13.514
MatchVision 28.311 25.827 25.173 27.143
GAMESIGHT (ours)  20.320 27.160 27.968 0.887
Live televised 4.038 11.778 6.272 0.001
Live televised as GT
MatchVoice 8.615 10.067 8.247 0.113
MatchVision 4214 7.945 8.946 0.369
GAMESIGHT (ours) 17.409 9.051 10.497 3.442

across both settings. It has relatively lower similarity to live-
text commentary compared to MatchVision in BLEU and
CIDER, since the knowledgeable commentary has a naturally
lower similarity to the original live-text commentary, as shown
in the last row under Live-text as GT. They are usually longer
and more analytical, differs significantly in natural language
style. While, GAMESIGHT outperforms others when using live
televised as GT, showing a better alignment to the human-
centric TV commentary.

Exp. 4: Segment-level accuracy of knowledge reference. As
shown in Fig. IV, SoccerKAG improves external knowledge
accuracy by 16.11% compared to SoccerRAG, which primarily
attributes to the enhanced query exemplars and time constrains
in query schema. Regarding the internal game context, we
further break down the test into two categories: goal-related
information (IC'Lg.q;) and other context aspects (IC Lotper).
GAMESIGHT presents high accuracy particularly in goal
events, as the goal information is specifically quantified by
the score. A slight drop in accuracy is observed when refer-
encing other internal context elements, for instance, fouls and
corner kicks, as the model independently accounts for various
demanded statistics.

TABLE IV: Results on knowledge reference accuracy.

Soccer RAG  SoccerK AG
64.60 81.80

ICLgou1
98.76

ICLothe'r
90.74

Acc. T

Exp. 5: Game-level quantitative results in commentary
analysis. Coh-Metrix [24] is a discourse analyze tool that
includes various indicators to evaluate discourse coherence.
With the focus on contextual relevance, we adopted two
key indicators, deep coherence and anaphor overlap. Deep
coherence reflects the degree of text containing intentional
connectors when causal and logical relationships present. As
shown in Tab. V, televised and GAMESIGHT commentary have
higher deep coherence that helps readers form a more engaging
and in-depth understanding of causal events, processes, and
behaviors during the game. Anaphor overlap measures the
overlap between nouns and pronouns in adjacent sentences, in-
dicating the semantic continuity within the passage by pointing
back to the context. Televised and GAMESIGHT commentary
show higher anaphor overlap, indicating better contextual
relevance. Sentiment Score [33] is a polarity score reveals



the sentiment polarity (1=positive, -1=negative). Live text has
almost neutral sentiment, while televised and GAMESIGHT
commentary provide positive and vivid atmosphere. The MOS
test also shows that audience prefers our commentary than the
original live text version.

TABLE V: Results in commentary analysis. DC, AO, SS refer
to Deep Cohesion, Anaphor Overlap, and Sentiment Score.

Method DCT AOT SS1 MOST
MatchVoice 0.556 0.164  0.159 2.27
MatchVision 0.631 0.156  0.066 2.72
Live Text 0.474 0.174  -0.059 3.14
GAMESIGHT (ours) 0.842 0.213 0.194 4.08
Live Televised 0.813 0.234  0.254 4.22

Exp. 6: Game-level commentary structural similarity. As
shown in Fig. 6, while live text commentary remains small
proportion of explanation and commentary, GAMESIGHT has a
similar structure with live televised commentary, which meets
the criteria from [7] with less than 50% description, indicating
the depth and insights in the commentary with appropriate
logical composition.

Live Text 62.41 17.2 20.39

Live Televised 48.94 20.46 30.6

GameSight 47.03 21.31 31.66
Description Explanation Commentary

Fig. 6: Commentary structural composition in percentage.

VI. CONCLUSION

In this work, we proposed GAMESIGHT to tackle soc-
cer commentary generation as a knowledge-enhanced visual
reasoning task. It enables automatic commentary generation
with precise entity and contextual knowledge, which leans
towards the real-world live televised commentary that provides
the audience with informative and engaging experience. We
believe our work paved way for leveraging video-LMMs in
fine-grained sports analysis.
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