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Figure 1. SoccerMaster is a unified soccer-specific vision foundation model that leverages diverse soccer content, including images and
videos, to support a wide range of soccer understanding tasks, such as commentary generation, detection, tracking, classification, etc.

Abstract

Soccer understanding has recently garnered growing re-
search interest due to its domain-specific complexity and
unique challenges. Unlike prior works that typically rely on
isolated, task-specific expert models, this work aims to pro-
pose a unified model to handle diverse soccer visual under-
standing tasks, ranging from fine-grained perception (e.g.,
athlete detection and identification) to high-level semantic
reasoning (e.g., event classification). Specifically, our con-
tributions are threefold: (i) we present SoccerMaster, the
first soccer-specific vision foundation model that unifies di-
verse tasks within a single framework via supervised multi-
task pretraining; (ii) we develop an automated data cura-
tion pipeline, SoccerFactory, to generate scalable spatial
annotations, and integrate multiple existing soccer video
datasets as a comprehensive pretraining data resource;
and (iii) we conduct extensive evaluations demonstrating
that SoccerMaster consistently outperforms task-specific
expert models across diverse downstream tasks, highlight-
ing its breadth and superiority. The data, code, and model
will be publicly available at https://haolinyang-
hlyang.github.io/SoccerMaster.

1. Introduction

Soccer, as one of the world’s most popular sports, enjoys a
vast global audience and generates substantial commercial
and cultural impact. Such popularity has driven growing
research interest in soccer visual understanding [8, 12, 19,
48, 52, 53]. However, the sport’s inherent dynamism, com-
plex rules, and varying broadcast conditions present unique
challenges for computer vision systems.

A central dichotomy in soccer understanding lies be-
tween spatial perception and semantic reasoning. The for-
mer requires fine-grained geometric precision for tasks such
as athlete detection [59, 62], tracking [9, 40, 41], jersey
recognition [2, 28], and camera calibration [7, 39]. The lat-
ter demands high-level abstraction for action spotting [19],
event classification [12], foul recognition [25, 26], and com-
mentary generation [43, 48, 51]. Current paradigms pre-
dominantly rely on fragmented, task-specific expert mod-
els [9, 26, 51] to address the challenges in isolation. While
recent initiatives [53] have attempted to unify these tasks via
vision-language alignment, they often neglect dense spatial
objectives during pretraining. This omission results in mod-
els that can describe what is happening but struggle to pin-
point where or who is involved, leading to a disconnect be-
tween spatial perception and semantic reasoning.
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To address the aforementioned challenges, we introduce
SoccerMaster, the first soccer-specific vision foundation
model that unifies fine-grained spatial perception and high-
level semantic representations within a single framework.
As depicted in Fig. 1, SoccerMaster is designed to learn
holistic representations through multi-task learning. By si-
multaneously optimizing for (i) athlete detection and identi-
fication, (ii) pitch registration, (iii) event classification, and
(iv) vision–language alignment, we enforce a shared repre-
sentation that captures both the geometry of the pitch and
the semantics of the game.

Large-scale training requires massive data. To address
the scarcity of dense spatial labels, we develop SoccerFac-
tory, an automated data curation pipeline capable of gen-
erating high-quality annotations from broadcast footage at
scale. By integrating the data curated by SoccerFactory
with existing heterogeneous datasets, we construct a com-
prehensive pretraining resource. This resource balances
breadth (coverage of diverse events, leagues, and camera
styles) with depth (dense spatial labels and temporally pre-
cise semantics), driving effective multi-task optimization.

We conduct extensive evaluations across a broad spec-
trum of tasks, spanning both spatial perception (e.g., ath-
lete detection, pitch registration, camera calibration, mul-
tiple object tracking) and semantic reasoning (e.g., vision-
language alignment, event classification, commentary gen-
eration). Our results demonstrate that SoccerMaster sub-
stantially outperforms both general-purpose vision foun-
dation models (e.g., SigLIP 2 [61], DINOv3 [58]) and
soccer-specific models (MatchVision [53]) across all pre-
training tasks with direct evaluation. Moreover, with only
lightweight task-specific fine-tuning, our model establishes
state-of-the-art or competitive results on downstream appli-
cations such as camera calibration [20, 39], multiple object
tracking [9], and commentary generation [51]. These find-
ings validate that SoccerMaster has learned universal, trans-
ferable representations that effectively generalize to diverse
soccer visual understanding scenarios.

Overall, our contributions can be summarized as follows:
(i) we introduce SoccerMaster, the first soccer-specific vi-
sion foundation model that unifies diverse soccer visual un-
derstanding tasks within a single framework, serving as a
versatile backbone for comprehensive soccer analysis; (ii)
we introduce a supervised multi-task pretraining strategy
that jointly optimizes fine-grained spatial perception and
high-level semantic reasoning tasks on soccer videos, en-
abling the model to learn multi-granularity representations
that capture both local spatial details and global semantic
context; (iii) we develop SoccerFactory, an automated data
curation pipeline to generate large-scale spatial annotations
from broadcast footage, and integrate these with various
existing soccer video datasets to construct a comprehen-
sive soccer-specific pretraining resource; and (iv) we con-

duct extensive evaluations demonstrating that SoccerMaster
can serve as a foundation model for soccer understanding,
which achieves state-of-the-art or competitive performance
on all downstream tasks through simple fine-tuning.

2. Related Work
Vision foundation models (VFMs) [13, 35, 44, 50, 54,
58, 61, 75, 76, 79, 81] have revolutionized computer vi-
sion by learning universal visual representations through
large-scale pretraining, demonstrating strong generalization
across diverse tasks. Their success has inspired applications
in various fields, including image captioning [30, 31], 3D
perception [65, 77], medical imaging [66, 82], robotics [16],
and autonomous driving [17]. However, their exploration in
video domains, especially in highly dynamic sports visual
understanding, remains relatively nascent.
Sports analysis [60] has gradually become a rapidly evolv-
ing field with significant commercial and research value.
While the general sports artificial intelligence [29, 67, 71,
72] remains under exploration, recent research on spe-
cific sports understanding tasks has achieved significant
progress, including action spotting [32], automated scor-
ing [45, 56, 73, 74], commentary generation [67–70], ac-
tivity recognition [27, 38, 47], tracking [11, 49], and game
state analysis [36, 42]. Among these research efforts, soc-
cer, as a globally popular sub-domain with rich spatiotem-
poral dynamics, has received widespread attention.
Visual soccer understanding involves diverse tasks [10,
21], while early research predominantly focuses on build-
ing specific expert models to individually address par-
ticular tasks, such as athlete detection [59, 62], track-
ing [11, 41], jersey number recognition [2, 59], camera cal-
ibration [15, 24], event classification [12, 19], commentary
generation [43, 48, 51, 78] and foul recognition [25, 26].
This fragmented paradigm inevitably increases the explo-
ration cost in the soccer understanding domain. Although
recent work [52] has attempted to leverage multimodal large
language models (MLLMs) to handle multiple tasks simul-
taneously, they only focus on semantic-level tasks such as
question-answering. These limitations inspire us to build
SoccerMaster, a vision foundation model for the soccer do-
main that unifies fine-grained spatial perception and high-
level semantic reasoning tasks within a single framework.

3. Task Specifications
To develop and evaluate our vision foundation model,
we define a set of tasks over a given video clip, V =
{I1, . . . IT }, where It ∈ RH×W×3 denotes a RGB frame.
These tasks involve both fine-grained spatial perception and
high-level semantic reasoning, and are categorized into two
groups: pretraining tasks that are used to jointly train
SoccerMaster, including (i) athlete detection and iden-
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tification, (ii) pitch registration, (iii) event classification,
(iv) vision-language alignment, and downstream tasks that
demonstrate the model’s generalization ability, including
(v) commentary generation, (vi) camera calibration, (vii)
multiple object tracking. Details are presented as follows.
Athlete detection and identification. Accurately localiz-
ing and identifying athletes is a core task in soccer analy-
sis. For each frame (It), we detect athlete instances (At =
{ai | i = 1, . . . , Na} ∈ RNa×6), where each in-
stance is characterized by ai = (bi; ri;ni). Here, bi =
(xi, yi, wi, hi) ∈ R4 represents the 2D bounding box;
ri ∈ {goalkeeper, player, referee} denotes the athlete’s
role, and ni ∈ N indicates the jersey number. Notably, ni is
set to null for goalkeepers and referees, or when occluded.
Pitch registration. Another key spatial perception task lies
in detecting field keypoints and lines, which serves as the
cornerstone for camera calibration [15, 24]. The objective
is to identify and localize structural elements of the soccer
pitch, including keypoints (e.g., intersection between side
lines) and lines (e.g., middle line and goal crossbar). For
each frame (It), this task expects to output two sets:

Kt = {ki = (xi, yi; ti) | i = 1, . . . , Nk} ∈ RNk×3 (1)

Lt = {lj = (pa
j ,p

b
j ; tj) | j = 1, . . . , Nl} ∈ RNl×5 (2)

where ki represents a keypoint with coordinates (xi, yi) and
type (ti ∈ Tkeypoint), while lj denotes a line segment de-
termined by two unordered endpoints pa

j = (xa
j , y

a
j ) and

pb
j = (xb

j , y
b
j) with line type (tj ∈ Tline). Here, candidate

sets Tkeypoint and Tline follow the definition in [24].
Event classification. As a core semantic reasoning task in
soccer understanding, event classification aims to recognize
key actions within video segments. Given a video clip (V),
the model predicts an event label, e ∈ E , where E denotes
the set of 24 event categories defined in SoccerReplay-1988
dataset [53], including goal, corner, yellow card, etc.
Vision-language alignment. This task aims to learn se-
mantic correspondences between video content and textual
commentary. Concretely, the objective is to align the video
semantic features with the text features extracted by a pre-
trained text encoder (e.g. SigLIP 2 [61]), ensuring high sim-
ilarity between their embeddings in a shared space.
Commentary generation. Building upon vision-language
alignment pretraining, commentary generation aims to gen-
erate a textual commentary (T̂ ) of the events and actions
occurring in a soccer video clip (V), following [51, 53].
Camera calibration. This task aims to estimate the ge-
ometric relationship between the 2D image plane and the
3D soccer field. Formally, given an input frame (I ∈
RH×W×3), the task is to predict the camera intrinsics (K ∈
R3×3) and extrinsics ([R|t]), where R ∈ R3×3 is the rota-
tion matrix and t ∈ R3 is the translation vector.

Multiple object tracking. This task extends athlete detec-
tion to establish temporal identity consistency across video
frames. Beyond predicting bounding boxes for each ath-
lete in each frame, it assigns a unique identity (idi ∈ N) to
each detection, thereby constructing trajectories that main-
tain consistent identities throughout the video.

Training such a foundation model for diverse soccer un-
derstanding tasks demands data spanning both spatial per-
ception and semantic reasoning. While existing datasets
cover semantic tasks [12, 51, 53], fine-grained spatial an-
notations [59] remain limited and costly to scale up.

4. Pretraining Dataset
To address the scarcity of spatial annotations, we develop
SoccerFactory, an automated data curation pipeline that
extracts labels from broadcast footage. By combining these
generated annotations with existing resources, we construct
a comprehensive dataset that supports unified pretraining
for spatial perception and semantic reasoning tasks. This
section introduces the automated annotation pipeline in
Sec. 4.1, evaluates its quality in Sec. 4.2, and presents the
composition of the integrated dataset in Sec. 4.3.

4.1. The SoccerFactory Pipeline
The SoccerFactory pipeline consists of three core stages:
field registration, tracking, and identification, as well as
post-processing refinement, as illustrated in Fig. 2.
Field registration. Following [59], we establish geomet-
ric correspondences between image and pitch coordinates
through field keypoint and line detectors. The detected key-
points and lines are then processed using the PnL mod-
ule [24] to estimate camera parameters, enabling projection
between image and standardized pitch coordinates. This
further allows refining the detected keypoints and lines as
training annotations via projection from the canonical pitch.
Tracking and identification. We employ a fine-tuned
YOLOv8 [63] to detect athletes, followed by Strong-
SORT [14] tracking with ReID embeddings extracted by
PRTReID [41]. For each detection, we crop the bounding
box region and apply Qwen2.5-VL [1] to recognize roles
and jersey numbers, which are further filtered by a legibil-
ity classifier [28]. Team affiliation is determined through
clustering on tracklet-averaged ReID embeddings and pitch
coordinates mapped via the estimated camera parameters.
Post-processing refinement. We enhance annotation qual-
ity through SAM2-based [54] segmentation refinement to
recover missed detections from the detector and correct
tracking identity switches. Additionally, we use majority
voting across tracklets for jersey numbers and role classifi-
cations to improve temporal consistency. To further consol-
idate fragmented trajectories, we merge short tracklet frag-
ments into longer tracklets by leveraging both ReID embed-
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Figure 2. Automated Data Curation Pipeline. Our pipeline processes input videos through three stages: (i) field registration establishes
geometric correspondences between image and canonical pitch coordinates via keypoint detection; (ii) tracking and identification trans-
forms frames into athlete trajectories through detection, role and team classification, and ReID-based tracking; and (iii) post-processing
refinement improves tracking accuracy through SAM2-based segmentation and ensures temporal consistency via majority voting.

Table 1. Comparison on GSR. SoccerMaster outperforms the
challenge winner KIST-GSR on the SoccerNet-GSR test set. The
best and second-best results are bolded and underlined.

Method GS-HOTA GS-DetA GS-AssA

Playbox & MIXI 58.1 41.3 81.6
Metrica-Sports 58.2 44.4 76.2
KIST-GSR 61.5 48.5 78.0

Ours 64.1 51.5 79.9

dings and jersey number consistency, similar to [22].
The pipeline generates comprehensive annotations in-

cluding: athlete bounding boxes with roles, team affilia-
tions, and jersey numbers; soccer field keypoints and lines;
camera parameters; and player trajectories in pitch coor-
dinates. These automatically generated annotations enable
scalable data production for spatial perception tasks.

4.2. Quality Assessment of SoccerFactory
To assess SoccerFactory, we evaluate it on the SoccerNet
Game State Reconstruction (GSR) challenge test set [21].
This benchmark covers athlete tracking, role classification,
jersey number recognition, camera calibration, and team af-
filiation. As shown in Tab. 1, our pipeline outperforms state-
of-the-art methods with a GS-HOTA score of 64.1, demon-
strating its effectiveness in generating large-scale annota-
tions as a practical alternative to manual labeling.

4.3. Pretraining Dataset Composition
We integrate automatically generated annotations from Soc-
cerFactory with multiple existing soccer datasets to con-
struct a comprehensive, large-scale pretraining dataset, as
detailed in Tab. 2. For spatial perception tasks, our
pipeline processes main-camera clips from 500 matches in
SoccerNet-v2 [12]. To ensure comprehensive field cover-
age, we exclude broadcast views with incomplete visibility,
such as replays, close-ups, and alternative angles. These

Table 2. Pretraining Dataset Composition. Our pretraining
dataset comprises approximately 7.45M frames across 248.3K
video segments, with 2.75M frames for spatial perception tasks
and 4.71M frames for semantic reasoning tasks (sampled at 1FPS).

Dataset # Frames Pretraining Tasks

Spatial Perception Tasks

SoccerNet-GSR [59] 42.8K
Athlete Detection and Identification
Pitch Registration

SoccerFactory-generated 2.7M
Athlete Detection and Identification
Pitch Registration

Semantic Reasoning Tasks

SoccerNet-v2 [12] 1.6M Event Classification

MatchTime [51] 7.1K
Event Classification
Vision-Language Alignment

SoccerReplay-1988 [53] 3.1M
Event Classification
Vision-Language Alignment

generated annotations are combined with manually anno-
tated data from SoccerNet-GSR [59], with tracklet-level jer-
sey numbers converted to frame-level labels via a legibility
filter [28] to mitigate occlusion ambiguity. For semantic
reasoning tasks, we incorporate large-scale videos (sampled
at 1FPS) from SoccerNet-v2 [12], MatchTime [51], and
SoccerReplay-1988 [53]. Overall, our pretraining dataset
contains 7.45M frames across 248.3K segments (2.75M for
spatial perception, 4.71M for semantic reasoning), support-
ing unified pretraining across diverse soccer tasks. Further
details are provided in the Supplementary Material.

5. Models

Built on the task definitions in Sec. 3 and the data overview
in Sec. 4, this section elaborates on the architecture, train-
ing, and evaluation of SoccerMaster, as depicted in Fig. 3.
We begin with problem formulations in Sec. 5.1, followed
by the model architecture in Sec. 5.2 and multi-task pre-
training strategy in Sec. 5.3. Finally, Sec. 5.4 describes how
the model is adapted to various downstream tasks.
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Figure 3. SoccerMaster Architecture. (a) The architecture of SoccerMaster, which encodes both soccer videos and images through
spatial and temporal attention modules to generate semantically rich representations. (b) The pretraining tasks and downstream adaptations
of SoccerMaster across both spatial perception and semantic understanding tasks.

5.1. Problem Formulation
Our soccer vision foundation model, SoccerMaster, con-
sists of a visual encoder (Φenc) and multiple task-specific
heads that enable diverse soccer visual understanding capa-
bilities. Given a soccer video segment (V = {I1, . . . IT } ∈
RT×3×H×W ), our visual encoder (Φenc) first extracts spa-
tial features (Fspa) and semantic features (Fsem) embedded
in the video, which can be formulated as:

F = {Fspa,Fsem} = Φenc(V) (3)

Leveraging the extracted features (F), our model tackles
the aforementioned tasks via corresponding task-specific
heads (Ψout), with the complete set of outputs unified as:

{A, {idi},K,L,K,R, t, e, T̂ } = Ψout(F) (4)

For vision-language alignment, the alignment head (Ψa)
computes the similarity (s) between video semantic fea-
tures (Fsem) and text features of textual commentary (T ),
extracted by a pretrained text encoder (Φtext), denoted as:

s = Ψa(Fsem,Φtext(T )) (5)

5.2. Visual Encoder
Our visual encoder (Φenc) inherits the ViT [13] structure,
consisting of (Ls + Lst) transformer encoder layers, incor-
porates a TimeSformer-like [5] design to enable spatiotem-
poral attention and capture temporal features from videos.

To balance performance and efficiency, we use spatial atten-
tion in the first Ls layers and apply spatiotemporal attention
only in the final Lst layers. The visual feature extraction
process comprises three stages: token embedding, spatial
encoding, and spatiotemporal encoding, as detailed below.
Token embedding. Given an input video segment (V =
{I1, . . . , IT } ∈ RT×3×H×W ), we process each frame fol-
lowing the tokenization procedure of ViT [13]. Specifically,
each frame is partitioned into N non-overlapping patches,
which are then linearly projected into d-dimensional em-
beddings and augmented with learnable spatial positional
embeddings Pspa ∈ RN×d. This yields the initial token se-
quence z(0) ∈ RT×N×d across all frames, which preserves
spatial layout information within each frame.
Spatial encoding. The token sequence (z(0)) first passes
through Ls spatial transformer blocks, which process indi-
vidual frames separately. Each block adopts the standard
transformer architecture [13], consisting of multi-head self-
attention, LayerNorm, and feedforward network (FFN). For
clarity, we focus on describing the attention mechanism,
which is the key modification in our design. Given a to-
ken (z(l)t,i ) at spatial position i and temporal position t in the
l-th block, the spatial self-attention can be expressed as:

z
(l+1)
t,i = SpatialAttn(z

(l)
t,i , {z

(l)
t,j}

N
j=1) (6)

Here, each token attends exclusively to all tokens at the
same temporal position (t), with no information exchange
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across different frames, effectively acting as standard at-
tentions within frames. The output from the Ls-th spatial
attention block serves as the extracted spatial features, de-
noted as Fspa = z(Ls) ∈ RT×h×w×d, which preserve fine-
grained spatial details within all frames.
Spatiotemporal encoding. Prior to the spatiotemporal at-
tention blocks, we incorporate learnable temporal positional
embeddings (Ptem ∈ RT×d) to the spatial features (Fspa)
to encode temporal ordering information. We adopt a
TimeSformer-like [5] approach to extend the remaining Lst

attention blocks to spatiotemporal attention, where each
block alternately performs temporal attention and spatial at-
tention. For a token at temporal position t and spatial posi-
tion i, temporal attention can be expressed as:

z
(l+ 1

2 )
t,i = TemporalAttn(z

(l)
t,i , {z

(l)
t′,i}

T
t′=1) (7)

Here, each token interacts with all tokens at the same spatial
position (i), without information exchange across distinct
spatial positions. Subsequently, a spatial attention layer is
applied, which operates in the same manner as previously
mentioned, represented as:

z
(l+1)
t,i = SpatialAttn(z

(l+ 1
2 )

t,i , {z(l+
1
2 )

t,j }Nj=1) (8)

After Ls spatial and Lst spatiotemporal attention blocks,
we apply an MAP head (attention pooling) [79] across spa-
tial dimensions to the final features (z(Ls+Lst)) following
SigLIP 2 [61], and obtain the final semantic features, de-
noted as Fsem = MAP(z(Ls+Lst)) ∈ RT×d, that capture
global dynamic semantic information.

This hierarchical design allows the model to capture
both spatial details and temporal dynamics in soccer videos,
yielding unified representations for downstream tasks.

5.3. Supervised Multi-task Pretraining
We pretrain our visual encoder with a multi-task frame-
work, on spatial perception tasks (e.g., athlete detection
and identification, pitch registration) and semantic rea-
soning tasks (e.g., event classification, vision-language
alignment), with lightweight output heads (Ψout =
{Ψd,Ψk,Ψl,Ψe,Ψa}), detailed as follows.
Athlete detection and identification. The athlete detec-
tion and identification head (Ψd) employs a lightweight De-
formable DETR decoder-like [83] structure to perform at-
tention between learnable queries and the extracted spatial
features (Fspa) to obtain object-level features, which are
then passed through three linear layers that predict the ath-
lete bounding box (b̂i), player role (r̂i), and jersey num-
ber (n̂i), respectively, expressed as:

{b̂i; r̂i; n̂i} = Ψd(Fspa) (9)

We adopt bounding box regression loss (Lbbox) and classi-
fication loss (Lcls) commonly used in detection tasks, while

role classification (Lr) and jersey number recognition (Lj)
employ focal loss [34]. The overall objective function for
this task is a weighted sum of the above items expressed as:

La = λclsLcls + λbboxLbbox + λrLr + λjLj (10)

Pitch registration. The pitch registration heads ({Ψk,Ψl})
inherit the heatmap-based method in PnLCalib [24], taking
the spatial feature (Fspa) as input and using two convolu-
tional networks (CNNs) to predict keypoint and endpoint
heatmaps for each frame, expressed as:

{K̂; L̂} = {Ψk(Fspa); Ψl(Fspa)} (11)

Specifically, each head uses convolutional layers containing
PixelShuffle [57] to perform progressive upsampling on fea-
tures, ultimately using MSE losses between predicted key-
points (K̂) and lines (L̂) and their ground truth as the opti-
mization objective, denoted as Lk and Ll.
Event classification. Following UniSoccer [53], the event
classification head (Ψe) adopts a two-layer transformer en-
coder, followed by temporal average pooling and a linear
classifier, which predicts soccer event (ê) based on seman-
tic reasoning features (Fsem), expressed as:

ê = Ψe(Fsem) (12)

The head is optimized using cross-entropy loss (Le).
Vision-language alignment. Similar to UniSoccer [53],
this alignment head (Ψa) first performs temporal average
pooling on semantic reasoning features (Fsem) to obtain
video representations and computes similarity (s) with text
embeddings of commentary (T ) extracted by an off-the-
shelf SigLIP 2 text encoder (Φtext) [61], expressed as:

s = Ψa(Fsem,Φtext(T )) (13)

The head is optimized using SigLIP loss [80] in a con-
trastive learning manner, denoted as Lcon.
Overall training loss. The final training objective (Ltotal)
combines all task-specific ones with corresponding weights:

Ltotal = λaLa + λkLk + λlLl + λeLe + λconLcon (14)

This unified multi-task pretraining enables SoccerMaster to
learn complementary spatial and semantic representations.

5.4. Downstream Task Adaptation
After pretraining, our SoccerMaster is seamlessly adapted
to various downstream tasks. By introducing task-specific
heads, we demonstrate the versatility and generalization
ability of our representations across commentary genera-
tion, camera calibration, and multiple object tracking.
Commentary generation. Similar to [51, 53], we adopt
a Q-Former [31] architecture to perform temporal aggrega-
tion on semantic features (Fsem) and employ a linear layer
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Table 3. Performance Comparison on Pretraining Tasks. We compare SoccerMaster against both general-purpose VFMs (SigLIP2-
L/16-512 [61] and DINOv3-L/16 [58]) and the soccer-specific MatchVision [53] using frozen encoders with trainable task-specific heads.
“SoccerFactory Data” indicates training augmented with automatically generated data from our pipeline alongside existing datasets. Met-
rics include AP@50 and mAP for detection, jersey number (jn) and role classification accuracy, keypoint/line detection metrics, event
classification accuracy, and video-commentary retrieval top-1 accuracy (computed within batches of 48).

Encoder SoccerFactory Data Athlete Detection and Identification Keypoints Detection Lines Detection Event Cls. Alignment
AP@50 mAP jn role accuracy precision recall accuracy precision recall accuracy top-1

SigLIP 2 69.1 29.2 78.8 97.5 92.5 80.0 82.0 90.0 80.2 85.9 49.8 3.4
SigLIP 2 ! 72.3 32.0 78.2 97.3 93.7 80.0 83.4 93.6 84.7 92.3 - -
DINOv3 61.8 22.9 75.6 98.5 92.5 77.2 80.2 91.0 82.0 87.1 51.8 -
DINOv3 ! 70.2 28.0 76.1 98.1 94.0 81.4 83.4 92.8 82.7 92.7 - -
MatchVision ! 51.9 17.0 74.9 94.1 92.0 85.2 69.8 90.3 86.6 81.5 65.3 4.0

Ours ! 91.5 49.5 79.7 99.1 95.3 85.9 84.1 95.7 91.4 92.4 77.2 39.0

to project the pooled tokens into the embedding space of
a large language model (Llama-3-8B [23]), which serve as
prefix embeddings for auto-regressive text generation.
Camera calibration. Building upon the field keypoints and
lines detected by our pitch registration heads ({Ψk,Ψl}),
we apply the Point and Line (PnL) refinement module [24]
to estimate the camera intrinsic and extrinsic parameters.
Multiple object tracking. Following MOTIP [18], we per-
form tracking by formulating object association as a clas-
sification task. We extract object-level features from the
DETR decoder of the athlete detection and identification
head (Ψd). These features are concatenated with learnable
ID embeddings from a dictionary to construct historical tra-
jectories, which act as in-context identity prompts. Finally,
a transformer-based ID decoder predicts consistent identity
labels by attending to historical trajectories.

6. Experiments
This section presents comprehensive evaluations of Soc-
cerMaster across various downstream tasks to validate its
effectiveness. We begin with implementation details in
Sec. 6.1, followed by the comparisons on downstream tasks
in Sec. 6.2, and conduct ablation studies in Sec. 6.3.

6.1. Implementation Details
SoccerMaster model adopts a hierarchical vision trans-
former architecture, initialized with weights from siglip2-
large-patch16-512 [61]. The visual encoder comprises
Ls = 16 spatial and Lst = 8 spatiotemporal transformer
blocks, with a hidden dimension d = 1024. Input videos are
uniformly sampled into clips of T = 30 frames at 512×512
resolution with a patch size of 16× 16. Further implemen-
tation details are provided in the Supplementary Material.

6.2. Performance Comparison
Comparison on pretraining tasks. We compare against
general-purpose baselines (SigLIP2 [61] and DINOv3 [58])
and the soccer-specific baseline (MatchVision) on the pre-
training tasks. Dataset details appear in Tab. 2. For fair
comparison, we adopt the following evaluation protocol:

Table 4. Comparison on Camera Calibration. Here, JaCγ , CR,
and FS denote the Jaccard index at threshold γ, completeness rate,
and final score, respectively. For our model, * denotes zero-shot
inference and † indicates fine-tuned training.

Dataset Method JaCγ [%] CR FS Resolution
5 10 20

SN22
-test

-center

PnlCalib 80.3 91.9 94.2 97.9 78.6 960×540
PnlCalib 70.2 86.8 91.7 96.4 67.6 512×512
Ours* 70.5 92.0 94.8 99.4 70.1 512×512
Ours† 76.9 92.3 94.4 98.6 75.8 512×512

SN23
-test

PnlCalib 76.7 87.2 90.1 79.5 60.9 960×540
PnlCalib 66.9 82.4 86.7 78.4 51.8 512×512
Ours* 59.5 78.1 81.6 75.2 44.8 512×512
Ours† 71.1 85.4 87.8 79.1 56.2 512×512

for baseline models, we freeze their pretrained encoders and
train only lightweight task-specific heads on our pretraining
dataset; While for SoccerMaster, as it has been pretrained
on these tasks, we directly evaluate it. This setup assesses
the representation quality of each encoder by maintaining
consistent task-specific head architectures.

As shown in Tab. 3: (i) SoccerMaster significantly out-
performs baselines, with +17.5% mAP in athlete detec-
tion and +11.9% accuracy in event classification; (ii) Soc-
cerMaster exhibits remarkable performance in the vision-
language alignment, achieving a 39.0% top-1 accuracy
that surpasses all baselines. General-purpose models like
SigLIP 2 suffer from severe domain gaps (only 3.4% accu-
racy), while DINOv3 lacks a corresponding text encoder for
alignment evaluation; and (iii) although tailored for soccer
data, MatchVision still lacks comprehensive task coverage.
Despite being competitive in keypoint detection, line detec-
tion, and event classification, it struggles with both athlete
detection and identification and vision-language alignment,
likely due to an over-reliance on joint vision-language op-
timization that neglects fine-grained spatial perception and
misalignment with the pre-trained SigLIP 2 text encoder.

Comparison on camera calibration. We evaluate camera
calibration performance against the state-of-the-art method,
namely PnlCalib [24], on the SoccerNet-22 and SoccerNet-
23 benchmarks. Following standard protocols [20, 24, 39],
we assess performance using the Jaccard index (JaCγ),
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Table 5. Ablation Study on the Impact of Automatically Generated Spatial Annotations.

SoccerFactory
Data

Athlete Detection and Identification Keypoints Detection Lines Detection Event Classification Alignment
AP@50 mAP jn role accuracy precision recall accuracy precision recall accuracy top-1

77.7 30.2 75.0 97.3 92.9 89.6 70.5 93.4 93.9 86.0 71.6 35.0
! 82.0 37.5 76.5 98.1 93.1 90.1 70.7 93.7 96.1 85.2 70.5 36.8

completion rate (CR), and the final score (FS), detailed in
the Supp. Mat.. As shown in Tab. 4, PnlCalib is optimized
for a higher resolution of 960×540, achieving state-of-the-
art performance in that setting (78.6 FS on SN22-test-center
and 60.9 FS on SN23-test). However, since SoccerMaster
operates at a 512×512 resolution, we evaluate all methods
at this resolution to ensure a fair comparison.

The results reveal two observations: (i) on zero-shot
evaluation, SoccerMaster already outperforms PnlCalib on
SN22-test-center (70.1 vs. 67.6 FS). On the more challeng-
ing SN23-test, which contains diverse non-main camera
views, our zero-shot model achieves 44.8 FS compared to
PnlCalib’s 51.8 FS; (ii) once fine-tuned, SoccerMaster es-
tablishes a new standard at this resolution, surpassing Pnl-
Calib by +8.2 FS on SN22 (75.8 vs. 67.6) and +4.4 FS on
SN23 (56.2 vs. 51.8). This confirms SoccerMaster learns
strong, transferable representations for field geometry.
Comparison on multiple object tracking. As shown in
Tab. 6, we evaluate our method on the SoccerNet-tracking
benchmark [9] using standard MOT metrics (HOTA [37],
DetA [37], AssA [37], MOTA [4] and IDF1 [55]). Un-
like the tracking-by-detection paradigm relying on com-
plex multi-stage components, SoccerMaster employs a sim-
ple end-to-end pipeline while achieving competitive results.
Overall, our model demonstrates competitive results across
all key metrics: HOTA (59.1), DetA (65.2), AssA (53.9),
MOTA (81.6), and IDF1 (74.6). These results highlight
the strong transferability of our representations, which can
be effectively adapted to tracking tasks through lightweight
fine-tuning, significantly simplifying the inference pipeline.

Table 6. Comparison on Multiple Object Tracking. Notably,
our model is the only one employing an end-to-end setting.

Method HOTA DetA AssA MOTA IDF1

YOLOv8+OC-SORT [6] 54.6 63.5 47.1 76.2 62.5
YOLOv8+StrongSort++ [14] 56.2 62.9 50.3 75.0 66.5
YOLOv8+PRTreID [41] 59.8 61.1 58.6 73.1 74.5

Ours+MOTIP [18] 59.1 65.2 53.9 81.6 74.6

Table 7. Comparison on Commentary Generation.

Visual Encoder BLEU@1 BLEU@4 METEOR ROUGE-L CIDEr

SigLIP 2 28.9 6.9 24.7 25.4 28.3
MatchVision 30.9 8.7 26.9 27.6 35.7

Ours 31.3 8.9 26.2 26.6 38.6

Comparison on commentary generation. We evalu-
ate this task on SN-Caption-test-align [51], comprising 49
matches with accurate temporal alignment and manual an-

notations. For fair comparison, all models are fine-tuned
on the MatchTime [51] dataset. Tab. 7 shows results using
metrics of language generation, including BLEU [46], ME-
TEOR [3], ROUGE-L [33], and CIDEr [64]. SoccerMaster
outperforms MatchVision on BLEU@1 (+0.4) and CIDEr
(+2.9), achieving the best overall performance. While ME-
TEOR and ROUGE-L scores are marginally lower than
MatchVision’s, our model surpasses the general-purpose
SigLIP 2 [61] baseline. The superior CIDEr score confirms
that our multi-task pretraining yields rich semantic repre-
sentations for language generation.

6.3. Ablation Study
Tab. 5 evaluates the effectiveness of our automatically gen-
erated spatial annotations. For computational efficiency,
we use a compact SoccerMaster variant: 224 × 224 in-
put, 16 × 16 patch size, and Ls = 8, Lst = 4 encod-
ing layers. SoccerFactory-generated data yields substantial
gains in spatial perception tasks, especially in athlete detec-
tion with +4.3 AP@50 (82.0 vs. 77.7) and +7.3 mAP (37.5
vs. 30.2). Other pretraining tasks, including pitch registra-
tion, event classification, and vision-language alignment,
maintain stable or slightly improved performance. This
confirms that generated annotations provide a reliable and
scalable training source. More ablation studies and qualita-
tive results are in the Supplementary Material.

7. Conclusion
This paper aims to advance soccer visual understanding by
proposing a unified framework. Concretely, we present
SoccerMaster, the first soccer-specific vision foundation
model capable of handling comprehensive tasks spanning
fine-grained spatial perception and high-level semantic rea-
soning through supervised multi-task pretraining. To facil-
itate large-scale pretraining, we introduce SoccerFactory,
an automated data curation pipeline that generates scalable
spatial annotations from broadcast videos. Integrating these
annotations with multiple existing soccer datasets, we con-
struct a comprehensive pretraininag dataset. Extensive eval-
uations demonstrate that SoccerMaster serves as an effec-
tive soccer-specific vision foundation model, where sim-
ple fine-tuning yields state-of-the-art performance across
diverse downstream tasks. We believe this work establishes
a new paradigm for soccer visual understanding by offering
a unified, adaptable framework that reduces the engineering
overhead of developing task-specific systems and provides
a solid foundation for future advances in soccer AI.
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