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Abstract

In this work we propose a multi-modal architecture for an-
alyzing soccer scenes from tactical camera footage, with
a focus on three core tasks: ball trajectory inference, ball
state classification, and ball possessor identification. To
this end, our solution integrates three distinct input modal-
ities (player trajectories, player types and image crops of
individual players) into a unified framework that processes
spatial and temporal dynamics using a cascade of sociotem-
poral transformer blocks. Unlike prior methods, which rely
heavily on accurate ball tracking or handcrafted heuristics,
our approach infers the ball trajectory without direct ac-
cess to its past or future positions, and robustly identifies
the ball state and ball possessor under noisy or occluded
conditions from real top league matches. We also introduce
CropDrop, a modality-specific masking pre-training strat-
egy that prevents over-reliance on image features and en-
courages the model to rely on cross-modal patterns during
pre-training. We show the effectiveness of our approach on
a large-scale dataset providing substantial improvements
over state-of-the-art baselines in all tasks. Our results high-
light the benefits of combining structured and visual cues in
a transformer-based architecture, and the importance of re-
alistic masking strategies in multi-modal learning.

1. Introduction

Understanding the flow of a soccer match from raw video is
a longstanding challenge in sports analytics. Several recent
methods attempt to improve tactical coaching and player
decision-making through artificial intelligence tools [50].
Central to this challenge is the ability to reason about the
ball, either its trajectory [1, 5–7, 21, 25, 26, 29, 45], its
possessor [25, 31, 36, 55] or which action is the posses-
sor performing with it [6, 18, 33, 34, 36, 40–43, 45]. While
player tracking systems are increasingly available and reli-
able [9, 10, 12, 37, 44], direct ball tracking remains error-
prone, especially in monocular footage [26, 33]. Occlu-
sions, limited resolution, and unpredictable motion make
it difficult to acquire accurate ball annotations at scale, mo-
tivating the development of models that can infer ball dy-

namics from player behavior alone [1, 6, 25, 53].
Recent works have addressed this task either by using

handcrafted rules based on proximity and speed [31, 49], or
by modeling player-ball interactions with structured learn-
ing frameworks [6, 7, 25, 33]. However, most existing
methods rely on strong assumptions like access to precise
positional or velocity information, or rigid task pipelines
that require supervision in other partial tasks and add
sources of errors. These limitations reduce robustness in
real-world settings, where tracking noise, visual occlusions,
or poor sensor coverage are common [20].

In this work, we propose a multi-modal and multitask
model that jointly 1) infers the trajectory of the ball, 2)
classifies the ball state at each frame, and 3) identifies the
player in possession of the ball, using only player-centric
information. Our method fuses structured inputs like trajec-
tories and player types with visual features extracted from
image crops around players to capture their spatial context.
We incorporate these heterogeneous inputs into a unified
transformer-based architecture, which models both tempo-
ral evolution and social interactions across agents. By treat-
ing all prediction tasks as supervised and parallel, our ap-
proach avoids rigid pipelines and allows the model to learn
shared representations that benefit all tasks jointly.

In addition, we introduce CropDrop, a tailored masking-
based pre-training strategy inspired by successes in Natu-
ral Language Processing (NLP) [13, 30, 51, 56, 59] and vi-
sion representation learning [2, 3, 15, 23, 47]. Unlike stan-
dard random masking, our approach targets entire visual se-
quences to simulate realistic occlusion or dropout scenarios.
This forces the model to rely on structured context to infer
missing visual cues, improving generalization. We show
that this strategy is particularly effective in our multi-modal
setting, where the alignment between visual and structured
inputs is essential for high-quality representation learning.

Crucially, our setup assumes no access to ball informa-
tion during inference, and only uses player-related data as
input. This constraint makes the inference problem signifi-
cantly more challenging and realistic, particularly for non-
instrumented or broadcast settings. Moreover, we demon-
strate that combining visual and structured data leads to sig-
nificantly more robust and accurate predictions than either



modality alone. Then, our contributions are listed as:
• We present a unified multi-task model that jointly predicts

ball trajectory, ball state, and ball possessor, all of them
just from player-centric inputs.

• We demonstrate that incorporating visual information,
enabled through a novel masking-based pre-training strat-
egy called CropDrop, significantly helps the model’s con-
verging towards more optimal predictions.

• We evaluate our method on a large-scale dataset of pro-
fessional soccer matches, proving stronger performance
than competing approaches on all tasks.

2. Related Work
In this section, we review prior work related to the tasks
our model addresses: 1) identifying the ball possessor, 2)
inferring the ball trajectory and 3) classifying the ball state.
Finally, we introduce previous work that applied a masking.
Possessor Identification. Several works have explored pass
receiver prediction in soccer [14, 24, 39, 46, 50, 52], of-
ten framing it as a key component of broader tactical un-
derstanding. Some of these works suggest ball possessor
identification as a potential downstream application of their
models. However, a key limitation of these methods is that
they assume knowledge of the exact moment when a pass
is received, making them unsuitable for continuous posses-
sor tracking. Furthermore, many models focus exclusively
on completed passes, either successful or not, thus exclud-
ing cases of incomplete or interrupted plays where there is
no clear ball possessor, such as deflections, bounces, or du-
els. As a result, these approaches are not directly applicable
to frame-level possessor identification in real-world condi-
tions as we do in this paper.

Alternative approaches that directly try to handle posses-
sor identification have relied on combining player and ball
trajectories with handcrafted distance-based heuristics to
determine the ball possessor at each frame [31, 49]. These
methods are highly dependent on having smooth high-
resolution positional data, particularly for the ball, which
is often compromised to guarantee in real-world tracking
scenarios. Kim et al. [25] move away from the need for
explicit ball tracking by predicting the ball trajectory just
from player motion. While this approach is promising, their
method assumes the availability of precise velocity signals
for each player, which are difficult to estimate reliably when
tracking data are noisy or sparse. [36] focuses on identi-
fying ball-related events by first detecting the ball posses-
sor. Their approach uses visual input in the form of player-
centric video tubes, that is, cropped image sequences fol-
lowing player bounding boxes over time. While this method
shows robustness to missing or noisy tracking data, it suf-
fers when the ball is occluded or outside the camera frame,
particularly in crowded scenes.

Our proposed method addresses these limitations by fus-

ing tracking and visual information. By jointly adopting
structured trajectory features with image-based cues, our
model can reliably identify the ball possessor without re-
quiring highly accurate position or velocity data, and re-
mains robust even when the ball is partially or fully oc-
cluded in the visual modality.
Trajectory Inference. Trajectory forecasting [5, 7, 17, 57,
58, 60] and imputation [4, 8, 16, 32, 35, 38, 53, 54] as-
sume partial knowledge of the target agent’s history, but that
reliance on past or future information compromises those
models performance for long sequences [19, 27]. Alterna-
tively, trajectory inference [6, 25] aims to reconstruct the
full trajectory of an unobserved agent, such as the ball, us-
ing only the observed dynamics of the surrounding players.
This task is particularly relevant in sports analytics, where
ball tracking is often unavailable due to occlusions, fast mo-
tion, or limited camera coverage. Additionally, collecting
ball tracking data in real time remains expensive and error-
prone.

The SoccerNet-GSR dataset [44] is composed of 200
video sequences of 30 seconds and provides millions of
player positions in pitch coordinates, together with role,
team, and jersey number annotations. It extends SoccerNet-
Tracking [11], which contains bounding box annotations for
players, referees, and the ball in image coordinates. How-
ever, when deriving pitch coordinates, Somers et al. [44]
assume that each athlete’s feet lie on the pitch plane. While
this approximation is acceptable for players, it prevents ac-
curate localization of the ball, which spends significant time
in the air. As a result, ball annotations had to be removed
in SoccerNet-GSR [44], making the dataset unsuitable for
studying continuous ball trajectories in pitch coordinates
and preventing its use for a comparison in our work.

BallRadar [25] addresses this task by using a hierarchical
framework: the model first predicts ball possessor at each
frame, and then uses this intermediate result to guide ball
trajectory inference. While effective in capturing high-level
game structure, this sequential dependency imposes a rigid
pipeline that can propagate errors from one stage to the next
and limits flexibility in learning richer representations.

Capellera et al. [6] introduce TranSPORTmer, a unified
transformer-based [48] framework that handles ball infer-
ence alongside other tasks. It applies attention sequentially
across temporal and social dimensions and achieves strong
performance by modeling inter-agent dynamics holistically.
However, the model operates exclusively on structured in-
puts, and does not incorporate any visual information. In
contrast, our method explicitly incorporates visual appear-
ance features from player-centric crops alongside positional
inputs. This multi-modal formulation allows the model to
make more informed inferences about ball dynamics, es-
pecially in ambiguous or low-confidence situations where
structure-only methods may underperform.



Figure 1. Overview of our model to jointly infer ball possessor, ball state and ball trajectory from player trajectories, player type
and image crops. After the three input modalities are projected to a common embedding, concatenated (c) and fused, two CLS tokens
are appended to aggregate global information specific for their supervised tasks. The coarse and fine encoders are formed by Set Attention
Blocks that act both socially and temporally. Following the splitting (s) of the tokens, different MLPs guide them to become the proper
outcomes to the three tasks. A switch represents that the agent masking strategy CropDrop is only used during pre-training.

State Classification. Classifying semantic ball state, such
as passes, possessions, or uncontrolled moments, is essen-
tial for high-level soccer analytics. [36] addresses this task
through visual recognition of specific ball events. Their
model first identifies the ball possessor using image-based
cues and then infers high-level actions. While having a very
refined temporal precision, the strict dependency on accu-
rate ball possessor identification introduces rigid structural
assumptions especially in visually challenging scenarios.

TranSPORTmer [6] incorporates state classification
within a broader multi-task setup, using structured posi-
tional data as input. A CLS token [13] to encode frame-level
information is proposed, enabling ball-state predictions in
parallel with other outputs. However, the absence of visual
input limits the model’s ability to detect subtleties that may
not be apparent from just position data, like players pos-
ture or intent. Our joint use of trajectory information and
image-based player crops enhances the model’s capacity to
distinguish details like body orientation or physical interac-
tions, i.e., a better classification of fine-grained ball states.
Masking Strategies. Masking has become a widely
adopted strategy for pre-training, particularly in NLP [13,
30, 51, 56, 59] and visual representation learning [2, 3, 15,
23, 47]. These approaches demonstrate that forcing models
to reconstruct missing or occluded inputs encourages gen-
eralization, robustness to noise, and a deeper understanding
of contextual dependencies.

MultiMAE [2] extends this idea by masking patches
across multiple modalities from the visual domain (RGB,
depth, and semantic segmentation) and training the model
to reconstruct them from the remaining views. This design
promotes cross-modal predictive coding and transferable
feature representations. While the authors use random per-
modality masking and report good results, they acknowl-

edge that such a naive strategy may not always be optimal
for every application or modality.

In our setting, we empirically find that sequence-level
masking of the visual modality alone leads to better perfor-
mance across tasks. Random frame-wise masking proves
ineffective due to the high redundancy across adjacent
frames and its poor alignment with real-world fails, like
continuous occlusions or missing image for players out of
view. Our findings support the idea that task-specific mask-
ing strategies, particularly those aligned with realistic fail-
ure scenarios, can significantly improve robustness and rep-
resentation quality in multi-modal learning.

3. Methodology

In this section we introduce our approach to jointly infer
ball trajectory, classify the ball state, and the possessor of
the ball in every frame, all of them, exploiting as input a set
of heterogeneous modalities: 1) visual crops around play-
ers from the video footage, 2) the trajectory of the players
in pitch coordinates and, 3) the semantics of each agent in-
dicating which type of player they are. To start with, we
show the architecture we use (see Fig. 1) that is divided into
several blocks. Particularly, our model consists of a visual
input feature extraction pipeline, the processing of the re-
maining inputs and their fusion, some attention-based tem-
poral and social modules, and the prediction heads. Next,
we describe each of them and follow with the explanation
of our pre-training masking strategy called CropDrop.

3.1. Crops Branch
To handle visual information, we crop localized regions
of the footage frame around each player [24, 43, 45]. To
this end, we extract bounding boxes of every player along



time using MixSort [12] and enlarge them by adding a
fixed margin to preserve contextual cues. These cropped
regions are then passed through a convolutional neural net-
work that acts as a feature extractor. Specifically, we em-
ploy a ResNet [22] backbone we train on an auxiliary action
recognition task. This auxiliary task consists of classifying
whether a player in the crop is performing a ball-related ac-
tion (e.g., passing, receiving, dribbling) or not, which pro-
vides a strong inductive bias toward capturing ball-related
visual cues. We chose this lightweight architecture for effi-
ciency and reproducibility. The resulting encoder produces
compact visual descriptors for each crop, which are then
used as the appearance features for each player in every
frame. These crop-based embeddings serve as one of the
input modalities to the model.

3.2. Other Modes and Fusion
In addition to the visual embeddings, our model processes
two structured inputs per player: their 2D position trajecto-
ries and their player type, the latter meaning whether they
belong to the offensive or defensive team. The trajecto-
ries are represented as sequences of (x, y) coordinates over
time, and the player types are encoded as one-hot vectors.
To enable joint processing of all modalities, we first project
each input into a shared latent space. We then concatenate
the projected embeddings along the feature dimension for
each player and frame, and pass them through a small stack
of fully connected layers with non-linearities to refine the
fusion and prepare the data for the attention downstream.

To support ball inference and ball state classification, we
append two learned CLS tokens [13] to the set of player
representations at each timestep. This results in a tensor of
shape T ×(N+2)×d, where T is the number of frames, N
the number of players, and d the embedding dimension. The
CLS tokens aggregate global information across both time
and agents, and are supervised as part of the ball inference
and ball state classification heads described later.

3.3. Temporal and Social Attention Modules
The fused per-player embeddings, with the appended CLS
tokens, are processed by a two-stage transformer-based en-
coder designed to capture both temporal dynamics and so-
cial interactions [6]. This separation encourages initial
rough aggregation followed by more precise contextualiza-
tion, improving the ability to balance global understanding
with local precision. The first encoder, referred to as coarse
encoder, enables the model to capture the big picture of
the scene, like getting an early sense of team formations
and identifying key players. The stable representation pro-
vided by the coarse encoder is passed to the second encoder,
referred as fine encoder, which performs a second round
of attention-based infering to model finer-grained temporal
cues and subtle inter-agent interactions. Each encoder op-

erates on entire T × (N +2)×d sequence and is composed
of two Temporal Set Attention Blocks (SABT) followed by
a Social Set Attention Block (SABS) [28]. The encoders
are preceded by the addition of temporal positional encod-
ing [48] to retain chronological order information.

The SABT operates independently on each agent across
the temporal axis. This allows the model to aggregate in-
formation from past and future frames for each entity, en-
abling temporal context for smoother and more informed
representation of player dynamics. The SABS then attends
across all agents within each frame, modeling inter-player
interactions and spatial dependencies. This includes atten-
tion from and to the CLS tokens, allowing them to integrate
player-level features into a scene-level representation.

3.4. Prediction Heads and Losses
Our model is jointly trained on three tasks: ball position
inference, ball state classification and ball possessor identi-
fication. Each task is supervised with a dedicated head ap-
plied to the relevant output tokens of the transformer stack.
Ball Position Inference. A key challenge of this task is
that the model must infer the ball’s trajectory without direct
access to any past or future ball observations. The input
consists solely of player-centric information (trajectories,
semantic types, and visual crops) yet the model is able to
infer plausible ball motion patterns based on social dynam-
ics. The output embedding corresponding to the ball CLS
token has shape T × 1 × d, and is passed through a stack
of fully connected layers with non-linear activations to pro-
duce a T ×2 sequence representing the predicted (x, y) ball
coordinates for each frame.

We supervise this inference using an Average Displace-
ment Error (ADE), the mean l2 distance between the pre-
dicted and ground truth ball positions across all timesteps:

Lball =
1

T

T∑
t=1

∥∥∥b̂t − bt

∥∥∥
2
, (1)

where b̂t and bt are the predicted and ground truth ball po-
sitions in 2D pitch coordinates at time t, respectively.
Ball State Classification. To predict the state of the ball,
we use the output of the state CLS token, shaped T × 1×d.
This embedding is passed through a Multi Layer Perceptron
(MLP), producing T × S logits, where S is the number of
discrete ball state classes. The supervision is provided by a
standard cross-entropy loss between the predicted distribu-
tion and the ground truth state label at each timestep:

Lstate = − 1

T

T∑
t=1

S∑
s=1

cs
t log(ĉ

s
t), (2)

where ĉs
t denotes the predicted probability of the ball being

in state s at time step t, and cs
t is the ground truth.



Ball Possessor Identification. To find the player in posses-
sion of the ball, the model uses the set of player tokens of
shape T × N × d. These embeddings are processed by
a fully connected prediction head that produces logits of
shape T ×N , representing the probability distribution over
all N players at each timestep. We apply a cross-entropy
loss that encourages the model to assign high probability to
the correct ball possessor:

Lposs = − 1

T

T∑
t=1

N∑
n=1

cn
t log(ĉ

n
t), (3)

where cn
t is the ground truth probability of player n being

the possessor of the ball at time step t, and ĉn
t represents the

predicted probability.
Total Loss. The total training objective is the weighted sum
of the three individual losses:

Ltotal = λ1Lball + λ2Lstate + λ3Lposs, (4)

where λ1, λ2, and λ3 are hyperparameters that control the
relative importance of each task. They are empirically tuned
to balance convergence and task-specific performance.

3.5. CropDrop
To improve the model’s ability to capture subtle visual cues
we adopt CropDrop, a pre-training strategy in which the
model is trained on the same multi-task objectives, but with
partial masking applied only to the visual modality. The
reason behind applying CropDrop just to the visual modal-
ity lies on the fact that features extracted from player im-
age crops are often dominated by whether or not the ball is
visible in the crop. As a result, most players share similar
visual embeddings, except for the few who are near the ball
or in possession of it. This imbalance can lead the model
to over-rely on visual cues and develop a shortcut: consis-
tently assigning possession to the player whose image fea-
tures most deviate from the others. By selectively masking
the visual features of random players, we prevent the model
from depending exclusively on this shortcut. Instead, it is
encouraged to leverage complementary information from
other modalities. In this way, masking sparse but highly in-
formative signals fosters the discovery of latent cross-modal
patterns and improves generalization.

Concretely, before the modality fusion stage, we ran-
domly select a percentage of players in each input sequence
and mask their visual features across all frames. Crop-
Drop is applied only to the crops branch modality, while
preserving the input dimensionality. To do so, we replace
the masked visual embeddings with fixed placeholder val-
ues that lie outside the valid range of the visual features,
effectively signaling the absence of information without af-
fecting the model architecture.

4. Experiments
We now present both quantitative and qualitative results for
the three tasks addressed by our model: ball trajectory in-
ference, ball state classification and ball possessor identifi-
cation. First of all, we describe the dataset and evaluation
protocol, followed by a series of ablation studies assessing
the contribution of each input modality and the impact of
CropDrop, our masked visual pre-training strategy. Finally,
we compare our method against two state-of-the-art meth-
ods that do not use visual information across all tasks.

Evaluation for ball inference is based on two standard
metrics: the Average Displacement Error (ADE) defined in
Eq. (1) and the Maximum Error (MaxErr) as:

MaxErr = max
t∈{1,...,T}

(∥∥∥b̂t − bt

∥∥∥
2

)
, (5)

where b̂t is the predicted ball position and bt is the ground
truth at time step t. Both metrics are represented in meters.

For classification tasks (ball state and ball possessor
identification) we report frame-level accuracy as a percent-
age, comparing the predicted class to the ground truth la-
bel at each time step. In our experiments, we set λ1 = 1,
λ2 = 3, and λ3 = 3 in Eq. (4), and keep a constant masking
ratio for all pre-trainings of 0.5.

4.1. Dataset
Our experiments are conducted on a proprietary soccer
dataset comprising 283 full professional matches from a top
European league during season 2022-2023. Each frame is
accompanied by a tactical camera (Camera 1) image. This
camera captures a wide-angle view that follows the flow
of the game, typically ensuring visibility of most outfield
players, although the goalkeeper at the opposite side of the
field is usually out of view. Additionally, for each frame,
we precompute axis-aligned bounding boxes for all visible
players, used to generate the cropped image inputs for the
visual modality. Every player is also associated with a team
identity, which is used as the player type input to the model.

We are provided with ground truth 2D player trajecto-
ries in pitch coordinates and we also have access to the ball
possessor at every timestep. Using possessor annotations,
we interpolate the 2D trajectory of the ball. Each frame is
annotated with one of four possible ball state labels: pass,
possession, uncontrolled, and out of play. We exclude se-
quences with frames labeled as out of play, as they are not
informative for modeling ball dynamics. During these in-
tervals, the flow of the match is paused: players may be
walking, repositioning, or even carrying the ball with their
hands, and the coordinated team behavior such as forma-
tions, pressing structures, or ball-oriented reactions com-
pletely breaks down. Since our focus is on learning from
coordinated play and real-time interactions, it is both intu-
itive and necessary to discard these sequences.



Method Masking Masked modes ADE↓ MaxErr↓ States Acc (%)↑ Possessor Acc (%)↑

Ballradar [25] - - 1.8612 7.0211 - 78.12
TranSPORTmer [6] - - 1.7179 6.5634 79.77 83.79

Ours

None None 1.4544 5.3678 84.38 87.67
Both 1.5602 5.2958 84.98 88.71

Random frames Traj 1.4829 5.4726 84.30 87.96
Crops 1.2859 5.0142 85.35 88.95
Both 1.4933 5.1550 85.29 88.95

All frames Traj 1.9008 5.7830 84.06 87.60
Crops 1.1735 4.7744 85.85 89.56

Relative ratio to None None 0.8466 0.8178 1.0578 1.0463
TranSPORTmer [6] † All frames Crops 0.6831 0.7274 1.0762 1.0688

Table 1. Quantitative comparison and ablation study in terms of masking. The table shows the effect of several types of masking
when is applied to player crops, player trajectories, or a combination of both. The table reports some metrics for the following baselines:
Ballradar [25] and TranSPORTmer [6]; and ours. † Relative error or accuracy ratio is always computed between our model and TranS-
PORTmer [6]. Values greater than 1 indicate relative gains in accuracy, while values smaller than 1 indicate relative reductions in error.

Traj Types Crops ADE↓ ME↓ SA ↑ PA ↑

% % ! 23.951 35.769 77.01 81.96
% ! ! 19.933 31.755 77.54 82.00
! % % 1.9749 7.1197 77.79 82.12
! ! % 1.7814 6.5516 79.64 83.66
! % ! 1.6751 5.8967 82.89 86.38
! ! ! 1.4544 5.3678 84.38 87.67

Table 2. Quantitative ablation on multi-modality. The table re-
ports ADE and ME, in meters, for ball trajectory and both State
(SA) and Possessor Accuracy (PA). It is provided the effect of ev-
ery modality, being the last row the full model we propose.

From the matches, we extract sequences of 60 frames
sampled at 6.25 Hz, corresponding to 9.6 seconds of game-
play per sequence. The dataset is split into training, valida-
tion, and test sets containing 43, 397, 3, 968, and 3, 347 se-
quences, respectively. Matches are disjoint across splits to
ensure generalization to unseen games. As per the instances
for each ball state in the dataset, the number is 82, 961 pass
frames, 97, 841 possession ones and 20, 018 uncontrolled.

4.2. Analyzing modalities

We begin our evaluation by analyzing the contribution of
each input modality. Table 2 reports results across all three
downstream tasks: ball trajectory inference, ball state clas-
sification, and possessor identification. Using only trajec-
tories provides a strong baseline with an ADE of 1.97 and
MaxError (ME) of 7.12 in ball inference, along with reason-
able classification accuracy for both state (77.79%) and pos-
sessor (82.12%) is obtained. Trajectory information is thus

critical, since the other modalities are insufficient to recon-
struct the dynamic ball motion. Despite that, visual crops
still contribute meaningfully to the classification tasks, also
reaching reasonable accuracies on their own, confirming
their utility in capturing subtle visual indicators such as ball
control. Adding player-type information further improves
performance across all tasks. The additional semantic con-
text helps the model better differentiate between teams com-
pared to the only trajectories baseline, contributing in an
ADE reduction of more than 0.5 meters and almost a +7%
and +6% in state and possessor accuracy, respectively.

Combining trajectories with crops yields substantial im-
provement across the board, showing that visual features
provide valuable complementary information for disam-
biguating complex scenes or subtle interactions between
players. Finally, the full model using all three modalities
achieves the best performance, confirming the synergistic
effect of combining visual and structure modalities in a
shared representation space. This ablation study validates
that multi-modal fusion significantly enhances both phys-
ical inference (ball trajectory) and semantic understanding
(state and possession), with each input stream contributing
distinct and complementary information to the model.

4.3. Pre-Train with CropDrop

We now evaluate the impact of CropDrop, our visual mask-
ing strategy during pre-training, which was introduced
above. Our goal is to show how selectively masking the
visual modality during pre-training improves model robust-
ness and overall performance across all tasks. Table 1
presents results for various masking configurations. First,
we compare two temporal masking strategies: masking ran-
dom frames versus masking full sequences for randomly se-



Figure 2. Qualitative evaluation. The figure shows 4 sequences where both offensive and defensive players are displayed with the ball
prediction and the corresponding ground truth motion. Markers represent the ending point of trajectories. Sequence a) depicts our model
superiority in ball inference. As some passes are incorrectly hallucinated by competing approaches, ball trajectory is wrong for them, as
evidenced in b). In c) competing approaches miss the one-two pass at the start of the sequence while our model correctly captures it. d)
manifests that when a sequence begins or ends with the ball not in possession, our model struggles due to limited temporal context.

lected players. We observe that per-player full-sequence
masking consistently outperforms sparse frame masking.
This aligns with the intuition that randomly masking in-
dividual frames is ineffective due to the high redundancy
across adjacent frames at a dense frame rate. Moreover,
full-sequence masking better reflects real-world missing

data scenarios, such as players being occluded or moving
out of the camera’s field of view for several seconds.

Next, we analyze the impact of which modalities are
masked. We refrain from masking the player type input
given its simplicity and low information content, consider-
ing that masking this feature will unlikely offer meaningful



regularization benefits and may instead increase ambiguity
during training. Furthermore, this input is always available
in real-world scenarios, as player team affiliation is con-
sistently known across all frames and does not depend on
visual coverage, sensor data, or tracking systems that may
fail or degrade. When masking only trajectories or both
trajectories and visual crops performance degrades. We hy-
pothesize that trajectory masking deprives the model of es-
sential structural information, making the learning unstable
or ineffective. In contrast, masking only the visual modal-
ity proves beneficial. This forces the model to rely more on
the structured inputs during pre-training, encouraging it to
generalize under partial input conditions. When fine-tuned
with access to full visual data, the model can then exploit
the visual information more effectively, having learned to
compensate for its absence during pre-training. This leads
to the best performance across all metrics: 1.17 ADE, 4.77
MaxErr, 85.85% state classification accuracy, and 89.56%
possessor identification accuracy. These findings support
our central claim: CropDrop as a task-aligned, modality-
specific masking in the visual branch acts as an effective
regularizer, improving both generalization and downstream
task performance in multi-modal learning.

4.4. Evaluation and Comparison

We compare our method against two recent state-of-the-art
approaches for ball trajectory inference and semantic under-
standing in multi-agent sports settings: BallRadar [25] and
TranSPORTmer [6]. It is worth noting that both methods
do not use player crops as input, as we do in this paper. To
better illustrate improvements we also report relative error
and accuracy values in Table 1, computed as ratios with re-
spect to TranSPORTmer [6]. This allows us to express gains
directly, e.g., 1.0762 in state accuracy means a +7.62% im-
provement over TranSPORTmer. Our approach consistently
outperforms both baselines, achieving the lowest ADE and
MaxErr of 1.17 and 4.77 meters in ball trajectory inference,
i.e, reducing ADE and MaxErr by 31.69% and 27.26%, re-
spectively, with respect to TranSPORTmer [6], the most ac-
curate approach in the literature. Some qualitative results
can be seen in Fig. 2a), observing how the use of CropDrop
is a key factor in obtaining more accurate predictions.

In addition to spatial accuracy, our model also demon-
strates superior semantic understanding. While Ball-
radar [25] and TranSPORTmer [6] achieve competitive re-
sults through structured attention, our model improves per-
formance, reaching 85.85% accuracy for state classification
and 89.56% for possessor identification, i.e., an increase
of 7.62% and 6.88% with respect to TranSPORTmer [6].
As can be seen in Fig. 2b), Ballradar [25] hallucinates four
passes at the beginning of the sequence, and TranSPORT-
mer [6] two at the end. During the frames where those
passes are present in their predictions, both approaches

guess a wrong possessor of the ball, and TranSPORTmer [6]
predicts an incorrect ball state assigning a pass when there
is a player in possession driving the ball. In contrast, our
solution reduces this type of errors. The opposite error is
shown in Fig. 2c). In this case, the competing methods miss
a one-two pass, or wall pass, while our model is capable of
following the ball during this fast pass performed by two
players in combination to get past a defender.

Although our method shows strong overall performance,
some limitations remain. As illustrated in Fig. 2d), when a
sequence ends with the ball traveling between two players,
the model lacks sufficient temporal context to confidently
determine its final location. This often leads to errors in the
last part of the predicted trajectory, despite accurate track-
ing earlier in the clip. These situations highlight the impor-
tance of longer temporal context and suggest future work
extending the model to operate over extended clips.

5. Conclusion

We have introduced a multi-modal transformer-based archi-
tecture for soccer scene understanding, capable of jointly
inferring ball trajectories, classifying game states, and de-
termining the ball possessor at each frame. Our approach
fuses structural inputs (trajectories and player types) with
visual information (player-centric image crops) interpret-
ing complex in-game interactions. To improve generaliza-
tion and robustness we introduce CropDrop, a novel visual
masking pre-training strategy that hides player crops during
training to simulate occlusion and prevent over-reliance on
image features. This forces the model to develop stronger
cross-modal judging capabilities, enabling it to better han-
dle ambiguous or incomplete inputs at inference time. With
experiments through an extensive dataset of professional
matches, we demonstrated that each input modality con-
tributes meaningfully to performance, and that our mask-
ing strategy provides consistent gains across tasks. The
upgrade with visual information is proven against state-of-
the-art baselines. Our method achieves superior accuracy
in both ball state classification and possessor identification,
and a lower error in ball trajectory inference. Further work
could exploit the addition of extra inputs or even try to lever-
age more tasks jointly to the already existing ones.
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[20] Marc Gutiérrez-Pérez and Antonio Agudo. Pnlcalib: Sports
field registration via points and lines optimization. Available
at SSRN 4998149, 2025. 1
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