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Abstract

Soccer is a rich testbed for studying multi-agent adversarial
systems. In this work we focus on the task of reconstructing
the noisy trajectories of soccer agents (players and the ball).
Previous works that model the behaviours of agents in soccer
are limited in two respects: (i) they only focus on short-term
context windows (<10 seconds) which are not suitable for re-
constructing trajectories impacted by long-term noise, and (ii)
they exclusively rely on trajectory context, and do not lever-
age soccer’s auxiliary data streams that can provide additional
context. Our Event2Tracking model addresses these limita-
tions. First, our architecture models soccer’s long-term struc-
ture by processing long-term trajectories (60 seconds in dura-
tion). Secondly, our architecture is multimodal. Specifically,
it fuses soccer tracking data with event data (which specifies
the high-level semantic events that transpire in a game), pro-
viding rich context that cannot strictly be inferred from the
raw trajectories. We evaluate our method empirically using a
reconstruction loss metric. Compared to state-of-the-art ap-
proaches, our method substantially improves the accuracy of
the ball’s and players’ reconstructed trajectories.

Introduction

The behaviours of agents (players and the ball) in soccer
form a rich and important testbed for the study of multi-
agent adversarial systems (Yeh et al. 2019; Tuyls et al. 2021;
Omidshafiei et al. 2022; Wang et al. 2024). In this paper, we
model the fine-grained spatiotemporal behaviours of agents
in professional soccer games. The availability of data which
encodes agents’ fine-grained spatiotemporal behaviours is a
fundamental prerequisite for modelling soccer games. One
such data stream is multi-agent tracking data, which spec-
ifies each agent’s 2D centre of mass at a high framerate
(~25Hz). Multi-agent tracking data is typically generated
using computer vision systems! that are installed in-venue.
However, the prohibitive cost of these systems limit their
broad adoption. A scalable alternative to in-venue systems is
broadcast tracking, where agents are tracked remotely using
computer vision from publicly accessible broadcast footage.

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

'Computer vision is preferred to wearable technology (i.e.,
RFID or GPS) as it is unobtrusive and less susceptible to hardware
failure.
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Reconstructing soccer’s broadcast tracking poses many
challenges from a modelling perspective. First, players in
broadcast footage frequently exit and enter the moving cam-
era’s field-of-view, resulting in heavy occlusions. Although
occluded players are outside the camera’s receptive field,
they are still active in the game i.e., they adhere to structured
individual roles, while still responding to the behaviours of
their teammates and opponents. The need to model long-
term off-screen behaviours differentiates soccer from other
frequently studied multi-agent tracking scenes. For exam-
ple, in pedestrian environments, agents that are outside the
camera’s field-of-view are not typically modelled and are
assumed to be irrelevant to the scene. Additionally, broad-
cast cameras in other invasion games like American football
and basketball typically have much wider fields-of-view rel-
ative to the size of the area-of-interest. This results in much
shorter-term occlusions in these games.

Another challenge lies in reconstructing the trajectory of
the ball. The purpose of soccer is to score goals, which
occurs when the ball crosses either team’s goal-line. This
makes the ball the focal point of soccer. Even though build-
ing a computer vision-based ball detector is quite a trivial
task, its small size, fast movement, heavy occlusion from
players, and visual similarity to other entities on the pitch
(e.g., pitch markings, players’ boots) make the ball ex-
tremely difficult to accurately and continuously track from
broadcast footage. Previous impressive works that model
soccer scenes (Hoshen 2017; Le et al. 2017; Yeh et al. 2019;
Omidshafiei et al. 2022) are limited in two respects. First,
they only focus on short-term trajectories (typically <10
seconds in duration), and therefore do not model the game’s
longer-term dynamics. Secondly, they model soccer scenes
unimodally (only using trajectory context). This is espe-
cially limiting when reconstructing the motion of the ball,
as its location must be inferred entirely from the motion of
players. This task becomes profoundly difficult in periods of
heavy occlusion.

We tackle these two limitations in our work, presenting
the Event2Tracking architecture, which is a long-term mul-
timodal trajectory reconstruction model identify spatiotem-
poral axial attention (Monti et al. 2022; Nayakanti et al.
2023) as an effective approach to model longer trajectories
than previously studied (60 seconds in duration rather than
<10 seconds). We also suggest an elegant method for jointly
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Figure 1: Compares traditional approaches to trajectory reconstruction to our approach. We focus on reconstructing
multi-agent tracking data extracted from broadcast footage i.e., broadcast tracking. Traditional approaches (a) reconstruct tra-
jectories using short-term (<10 seconds) unimodal trajectory context. In our Event2Tracking model (b), we use long-term
trajectories (60 seconds) as well as soccer event data, which specifies the semantic sequence of high-level actions that transpire
across the game). Compared to traditional approaches, our method results in reconstructed trajectories that more closely match
the ground-truth (c). This is most evident in terms of the trajectories of occluded players (as is shown in i.) and the motion of

the ball (as is shown in ii.)

modelling long-term trajectories and event data. Event data
is a sparse spatiotemporal data stream which specifies the
location, timestamp, and identity of each on- and off-ball
event in the game. This information stream is labelled at-
scale and reliably by human annotators?. As demonstrated in
the Experiments Section, this long-term multimodal context
substantially increases the accuracy of the ball and players’
reconstructed motion. A comparison between our approach
and traditional trajectory modelling approaches in sport is
visualised in Figure 1. In summary, our contributions are as
follows:

* We demonstrate that spatiotemporal axial attention
(Monti et al. 2022; Nayakanti et al. 2023) is an effec-
tive approach for modelling longer trajectories than pre-
viously studied (60 seconds in duration rather than <10
seconds).

* We present an elegant method for jointly modelling long-
term trajectories with soccer’s event data.

* We compare against state-of-the-art baselines on the task
of reconstructing soccer broadcast tracking, showing that
our approach is able to more accurately reconstruct the
trajectories of players and the ball.

2Humans remain more accurate than automated event detectors
(Deliege et al. 2021; Vidal-Codina et al. 2022), which is crucial for
media and betting purposes.
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Related Work
Modelling Multi-Agent Trajectories

We start by detailing existing methods for modelling multi-
agent trajectories, focusing on two environments which con-
sist of multiple humans interacting in a continuous spa-
tiotemporal environment: pedestrian scenes and sporting
scenes.

In Pedestrian Scenes Seminal early works in pedestrian
trajectory prediction use heuristic and energy-based meth-
ods to model agents’ spatiotemporal relationships (Hel-
bing and Molnar 1995; Wang, Hertzmann, and Fleet 2005;
Van den Berg, Lin, and Manocha 2008; Pellegrini et al.
2009). Deep learning methods have been shown to be well-
suited to extracting the non-linear multi-agent dynamics
from tracking data. Recurrent neural networks (RNNs) are
frequently used to model each agent’s temporal history. This
temporal context is typically distributed spatially via pool-
ing (Alahi et al. 2016; Gupta et al. 2018; Wang et al. 2023)
or with graph neural networks (GNNs) (Zhang et al. 2019;
Salzmann et al. 2020). With the success of Transformers
(Vaswani et al. 2017) in sequential learning tasks (Devlin
etal. 2018; Brown et al. 2020; Jumper et al. 2021), attention-
based architectures are now used to jointly encode both the
spatial and temporal dimensions of multi-agent trajectories
(Yuan et al. 2021; Giuliari et al. 2021; Xia et al. 2021;
Zhou et al. 2022). However, Transformers have quadratic
complexity with respect to sequence length, which is es-
pecially limiting when applied to high-dimensional multi-
agent trajectory sets. As a result, recent works aim to in-



crease the efficiency of Transformers when applied to track-
ing data. One notable approach is spatiotemporal axial atten-
tion (Monti et al. 2022; Nayakanti et al. 2023), which applies
self-attention separately across the temporal and spatial axes
of multi-agent trajectory sets.

These approaches typically focus on short-term trajecto-
ries (<10 seconds in duration). This is because (i) these tra-
jectories are gathered using cameras with relatively narrow
fields-of-view, and (ii) off-screen behaviours are assumed to
not be relevant to scenes. Despite this, we observe that spa-
tiotemporal axial attention has suitable properties for mod-
elling longer trajectories than previously studied.

In Sporting Scenes Several notable works have modelled
multi-agent trajectories in sporting scenes, where the most
widely researched setting is that of trajectory forecasting
over short-term horizons (<10 seconds) (Zheng, Yue, and
Lucey 2016; Le et al. 2017; Hoshen 2017; Felsen, Lucey,
and Ganguly 2018; Zhan et al. 2018; Yeh et al. 2019). Mul-
tiple works also study multi-agent trajectory imputation in
sporting scenes. For example, (Liu et al. 2019) use bidi-
rectional context to impute missing basketball trajectories.
However, this approach models each agent independently,
and does not model the spatial correlations that exist in
multi-agent scenes. While (Xu et al. 2023) does model these
spatial correlations, they only leverage past temporal con-
text. Most closely related to our research setting is the Graph
Imputer (Omidshafiei et al. 2022), which also focuses on
reconstructing soccer broadcast tracking data using bidirec-
tional temporal context. This approach models bidirectional
context by making two independent predictions, one operat-
ing forwards in time (only using past context) and one oper-
ating backwards in time (only using future context). These
directional predictions follow (Yeh et al. 2019) and are fused
via averaging. Separately modelling future and past con-
text is more limited for longer trajectories, where forwards
and backwards predictions tend to be less closely correlated.
However, in the original work they only focus on short-term
trajectories (9.6 seconds) where the first and final seconds
are visible. As a result, this limitation is not encountered.

In contrast to (Omidshafiei et al. 2022), we investigate
a more realistic setting for the reconstruction of broadcast
tracking. Specifically, as we use real broadcast tracking data,
we make no assumptions about the visibility of agents (e.g.,
at the starts or ends of trajectories). This considerably in-
creases both the duration of agent occlusions, and as a result,
the difficulty of the trajectory reconstruction task.

Multimodal Context in Trajectory Modelling

In many environments, the behaviours of agents strongly de-
pends on scene-level context. One extensive line of work is
in extracting static map elements from top-down images of
scenes using convolutional feature extractors (Kosaraju et al.
2019; Sadeghian et al. 2019; Casas et al. 2020; Fang et al.
2020; Phan-Minh et al. 2020). These approaches are limited
by (i) the high dimensionality of convolutional feature maps
which makes modelling longer sequences difficult, and (ii)
the need for complex handcrafted fusion of image features
with multi-agent trajectories. Recent works have shown the
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Transformer’s broad utility in fusing diverse data modalities
such as text, video, and audio (Jaegle et al. 2021; Radford
etal. 2021; Alayrac et al. 2022; Girdhar et al. 2023). Follow-
ing this trend, the Wayformer (Nayakanti et al. 2023) uses
attention-based architectures to encode and fuse multi-agent
trajectories with other spatiotemporal modalities relevant in
an autonomous driving setting. In another research stream,
(Everett et al. 2023) exclusively uses soccer’s event stream
to infer the locations of agents at each event (using no tra-
jectory context).

Inspired by (Nayakanti et al. 2023; Everett et al. 2023),
we fuse soccer event data and multi-agent trajectories using
a Transformer-based representation.

Proposed Method
Problem Formulation

For our trajectory reconstruction setting, we have access
to two tracking streams: broadcast tracking (which con-
tains occlusions and noise) and in-venue tracking (which
is complete and accurate). Broadcast tracking for E agents
over T timesteps can be represented as a spatiotemporal
grid Miproadeast € RT ¥ F ¥ doroudeast  Bach observation in broad-
cast tracking contains dproageast features, which include the
agent’s 2D coordinates, and one-hot encodings of the agent’s
role, their team affiliation, and their team’s current forma-
tion. When trajectory observations are occluded, the agent’s
(z,y) location is set to a constant value outside the pitch’s
coordinates. The in-venue stream My yenue € RT *E*2 con-
sists of each agent’s (z,y) location at each timestep in the
trajectory. Event data is a 1D temporal stream Mieyeny €
RIxdeen where L is the number of events in trajectory win-
dow and d.yey is the dimensionality of each event observa-
tion. Each event token includes the 2D coordinate of the
event, and one-hot encodings of the event type (e.g., pass,
shot, control), and the focused agent’s team affiliation, role,
and their team’s current formation. The training objective is
to learn a function F' parameterised by §* where

* :
0" = meln Lo (FG (mbroadcasta mevem)y min-venue)-

Encoding Long Multi-Agent Trajectories

Agents dynamically enter and exit the broadcast camera’s
field-of-view. However, despite being off-screen, occluded
agents are still relevant to the scene. They have structured
long-term roles, and constantly evolving behaviours based
on the actions of their teammates and opposition. As we
show experimentally, longer contexts of up to 60 seconds
improve the capacity to reconstruct these impeded trajecto-
ries.

One approach for efficiently modelling multi-agent tra-
jectories with self-attention is spatiotemporal axial attention
(Monti et al. 2022; Nayakanti et al. 2023). Spatiotemporal
axial attention is a module where self-attention is applied
across the temporal and spatial axes of multi-agent trajec-
tory sets separately. With this scheme, individual agent mo-
tion can be learned through temporal attention, while col-
lective group dynamics can be learned through spatial at-
tention. This is illustrated in Figure 2. A key benefit of
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Figure 2: Illustration of spatiotemporal axial attention. In
both attention modules, the red squares denote the tokens
used for a single attention computation. In temporal at-
tention, self-attention is applied independently within each
agent’s trajectory, modelling each agent’s temporal context.
Spatial attention applies self-attention within each individ-
ual timestep, modelling the inter-agent spatial dependencies
that exist in the environment.

spatiotemporal axial attention is its computation efficiency.
Self-attention has quadratic performance with respect to se-
quence length. Therefore, jointly attending across spatial
and temporal axes of trajectories has O(T? - E?) complex-
ity. As is noted in (Nayakanti et al. 2023), separate axial
attention is of complexity O(T?) + O(E?) = O(T?) where
sequence length 7" dominates the number of agents E. De-
spite the efficiency of spatiotemporal axial attention, it has
previously only been applied to short-term trajectories (<10
seconds in duration). In this work, we make the further ob-
servation that the efficiency of spatiotemporal axial attention
makes it suitable for modelling considerably longer-term be-
haviours.

Spatiotemporal axial attention also enables processing of
multi-agent trajectories without imposing an artificial order-
ing on agents. While spatiotemporal data has a clear tempo-
ral total ordering (i.e., chronological), no such natural order-
ing exists over agents spatially. In soccer, because there are
two teams with 10 outfield players, there are (10!)? possi-
ble permutations of agent indices. Consequently multi-agent
trajectory sets must be modelled in a way that is permutation
equivariant to avoid a combinatorial increase in complexity.
Previous approaches handle this by imposing an artificial
ordering on players based on their locations (Lucey et al.
2013; Sha et al. 2017). Instead, spatiotemporal axial atten-
tion processes multi-agent trajectories in a natively permu-
tation equivariant manner. That is, when modelling trajec-
tories Mproadcast With a function which uses spatiotemporal
axial attention f, the following equality holds:

f(mbroadcasl)p = f(’mgmadcas[), Vp S [L (10!)2]a (1)

where p represents a permutation of the agent indices
in the output of spatiotemporal axial attention function
f (Mibroadeast) and the broadcast tracking input Mproadcast-

Event2Tracking Model

This section details the Event2Tracking model, which uses
spatiotemporal axial attention as a core operation. We first
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outline our method for temporal localisation, before out-
lining our event encoder and tracking decoder architectures
(shown in Figure 3).

Temporal Localisation One task common to both the en-
coding event and tracking data is that of temporal localisa-
tion. That is, specifying the exact timing of each event and
tracking observation. The central challenge here is that both
input data sources have non-uniform time intervals (broad-
cast tracking data is generated at a variable frame-rate, and
events occur sparsely). To address this, for each token, we
calculate the time elapsed (in milliseconds) from the start of
the current trajectory window. We use this integer value as
the index used for sinusoidal positional encoding (Vaswani
et al. 2017), allowing for flexible encoding of time in both
of our multimodal inputs.

Event Encoder The second component of the
Event2Tracking model is the event encoder. This mod-
ule encodes each event in M. Events are first tokenised
through linear projection, before adding sinusoidal po-
sitional embeddings to specify each event’s temporal
occurrence (as detailed above). These tokens are then
processed by a vanilla Transformer encoder with N layers,
producing event embeddings Zeyent € RELxdn of latent
dimensionality dp,.

Tracking Decoder Our tracking decoder is heavily in-
spired by spatiotemporal axial attention (Monti et al. 2022;
Nayakanti et al. 2023). However, our architecture enables
the joint modelling of event encodings Zeye, With broad-
cast tracking data Mproagcast- Each tracking observation is
first tokenised through a linear projection. Following this,
sinusoidal positional embeddings are added to specify the
temporal ordering of trajectory tokens (as outlined in the
section above). Tokens are then encoded by an attention-
based module that is stacked N times. Within this module,
tokens are first processed by spatiotemporal axial attention
(temporal attention followed by spatial attention). This en-
codes the spatiotemporal dependencies of multi-agent tra-
jectories in an efficient, permutation equivariant manner.
Next, each agent’s trajectory tokens are cross-attended with
the event embeddings Zeye, independently. This temporal
cross-attention operation fuses broadcast tracking tokens
with event context. Next are the normalisation and feedfor-
ward layers standard to Transformers (Vaswani et al. 2017).
The tracking decoder model returns Zyroageast € R <E>Xdn,
which represents joint encodings of each agent’s event and
broadcast tracking streams. Finally, a linear projection is
used to map each token to an (z, y) prediction.

Experiments
Experimental Setup

Dataset A large dataset was used in the experiments, with
700 professional soccer games for training and 52 games
for evaluation. Each game had a paired dataset of event data
MMeyent, Droadcast tracking Myroqdcast, and in-venue tracking
Minvenue- The ball’s trajectory is considered to be fully oc-
cluded in the broadcast tracking dataset, representing the
challenges in tracking the ball continuously and accurately
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Figure 3: Illustration of our Event2Tracking architecture,
which jointly models event data and broadcast tracking data
to reconstruct multi-agent trajectory sets.

throughout the entire game using a heavily occluded monoc-
ular camera. An inventory and justification of this dataset is
provided in Appendix 1.

Metric A reconstruction loss metric is used for quanti-
tative evaluation. Specifically, average displacement error
(ADE) is used, which computes the average euclidean dis-
tance (m) between reconstructed and real locations within a
certain trajectory segment. We report mean ADE (mADE),
which takes the mean ADE calculated over 1-minute trajec-
tory segments both for players and the ball.

Baselines We focused on evaluating our method for mod-
elling soccer scenes with bidirectional temporal context. As
a result, although multi-agent sporting trajectories are inher-
ently stochastic (Omidshafiei et al. 2022; Yeh et al. 2019;
Sun et al. 2019), we only evaluated our method against de-
terministic baselines.

e Linear interpolator: interpolates behaviours between
available observations in broadcast tracking. Where play-
ers are not visible over the entire trajectory window, their
locations are set to the centroid of their team’s locations.

Independent Transformer (Vaswani et al. 2017): recon-
structs each agent trajectory independently using a Trans-
former.

Graph Imputer (Omidshafiei et al. 2022): reconstructs
trajectories by averaging predictions made forwards and
backwards in time. Each directional prediction uses a
RNN to model each agent’s temporal context, before dis-
tributing this context via a GNN. We ablated the original
method’s stochasticity.

Spatiotemporal Transformer (STT) (Monti et al.
2022): uses a Transformer with spatiotemporal axial at-
tention. While the original method only uses past context,
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we enable bidirectional context by removing the autore-
gressive attention mask.

Implementation Details All models were trained sepa-
rately using 10, 20, 30, 45, and 60 second context windows
to quantify how each approach generalised to longer trajec-
tories. Trajectories of greater length were not considered due
to computational constraints. The broadcast and in-venue
tracking streams were downsampled to SHz. Each attention
module uses a hidden dimensionality of 128, and a feed-
forward dimensionality of 512 and 4 attention heads. For
the Event2Tracking module, the event encoder and track-
ing decoder each have N = 4 layers. During training, the
loss incurred in prediction the ball location was weighted
by a factor of 11, reflecting the ball’s relative importance.
All models were trained for 16 hours on a a cluster of 4
A10 GPUs with a learning rate of le — 4 using the Adam
optimiser (Kingma and Ba 2014) (with default exponential
decay parameters).

Quantitative Results

We start by quantitatively comparing our approach to each
baseline when trained on different segment lengths (10s,
20s, 30, 45s, 60s). The mADE reconstruction loss metrics
are shown for the players and ball in Table 1. Notably, our
proposed Event2Tracking architecture outperforms all base-
lines over every segment length investigated.

The first trend we observe is that the Event2Tracking
model has the strongest performance in terms of reconstruct-
ing the ball’s motion. Specifically, our method outperforms
the next best model (STT) by between 32% and 36% in
terms of mADE (ball) across every context length. These
architectures use identical methods to encode the broadcast
tracking data (spatiotemporal axial attention). However, re-
call that the ball’s trajectory is fully occluded in broadcast
tracking. As a result, unimodal methods (such as the STT)
must infer the ball’s trajectory only using the motion of vis-
ible players. In contrast, our method uses event data, which
contains the time, location, and player identity of every on-
ball event in the game. Our results indicate that this auxiliary
information source is beneficial when predicting the ball’s
location.

The Event2Tracking model also has the best performance
in terms of reconstructing player locations. Our method
shows between 3% and 11% lower mADE (players) val-
ues across each context window length than the next best
model (STT). This is logical, as event data also provides
spatiotemporal context pertaining to the locations of play-
ers i.e., it provides the location of players when they com-
plete an event. While these improvements are lower in mag-
nitude than the improvements in terms of reconstructing the
ball, they further reinforce the utility that event data provides
when reconstructing heavily impeded trajectories.

Next, of the deep learning methods, our approach shows
the strongest performance improvements when applied to
longer context windows. The Event2Tracking’s mADE
(players) monotonically improves when applied to longer
trajectories (Figure 4). Specifically, its performance for this
metric improves 22% between 10 and 60 second context



mADE Player/Ball (m)

Context
Linear interpolator Independent Graph Imputer Spatiotemporal Event2Tracking (ours)
Transformer Transformer
10s 8.98/- 5.80/17.81 4.66/7.69 4.25/6.23 4.13/4.24
20s 7.88/- 5.30/17.27 4.45/7.56 3.81/5.71 3.44/3.76
30s 7.35/- 5.22/16.96 4.41/7.56 3.64/5.33 3.33/3.52
45s 6.95/- 4.77/16.63 4.43/1.73 3.62/5.48 3.27/3.53
60s 6.72/- 4.78/16.69 4.60/7.99 3.62/5.46 3.22/3.51

Table 1: Compares our method to the baselines when trained on segments of different lengths (10s, 20s, 30s, 45s, 60s).
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Figure 4: Reconstruction loss over longer segments. Our
Event2Tracking outperforms each baseline over each con-
text window, and tends to improve in performance with more
temporal context.

windows. A similar trend can be observed in the STT’s per-
formance (which has the next-best performance), which im-
proves 15% between 10 and 60 second context windows.
This is a meaningful result, strongly indicating that spa-
tiotemporal axial attention is an effective method for mod-
elling long-term trajectories. Additionally, it highlights the
importance of modelling long-term context when recon-
structing heavily impeded soccer trajectories. In contrast, the
Graph Imputer’s performance only improves 5% from 10s to
30s, before decreasing when applied to longer segments. Its
performance is also the weakest of these three models over
every segment length. This result highlights the limitations
of the Graph Imputer for modelling long-term bidirectional
context.

To make these results more concrete, our model’s perfor-
mance over a single representative game can be inspected. In
Figure 5, we compare the Event2Tracking (60s) against the
STT (10s) and (60s) baselines. In terms of mADE (players),
the Event2Tracking model has strictly lower values than
both baselines over the entire game. Our method also has the
strongest performance over in terms of mADE (ball). While
the STT (60s) outperforms our method in eight of the forty-
eight 1-minute intervals for this metric, we suggest that this
is expected variance due to the ball’s fast and volatile move-
ment. Additionally, the Event2Tracking’s mADE values for
both metrics are much more robust for this game, showing
fewer high outlier values. This game further emphasises the
efficacy of our Event2Tracking approach.

Finally, we note that the weakest performance is exhib-
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mADE (players) over a single game
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Figure 5: Performance over a full game for when the
ball is in-play>. We show mADE for players (top) and the
ball (bottom). Our Event2Tracking model (60s) outperforms
both approaches in terms of both metrics for the vast major-
ity of the game.

ited by the Linear Interpolator and Independent Transformer.
Recall that the ball’s trajectory is fully occluded in broad-
cast tracking. As a result, the Linear Interpolator is unable
to reconstruct its trajectory. This highlights a limitation of
interpolation-based approaches. Another limitation of these
models is that they process each agent’s trajectory indepen-
dently. The impact of this is especially clear in terms of
the Independent Transformer’s high ball mADE value. As
the ball has no detections, its motion can only be inferred
from other agents’ motion, or additional streams of infor-
mation (i.e., event data). As the Independent Transformer
does not model either, it is unable to accurately reconstruct
the ball’s trajectory. The inability to model inter-agent de-
pendencies also results in these models having the two high-
est mADE (player) metrics for every context window. These
results highlight the importance of modelling inter-agent de-
pendencies in reconstructing soccer tracking data.

3While soccer games last for 90+ minutes, the ball is only in-
play 50-60% of this time (Hopkins 2023).
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Figure 6: Qualitative results, where the broadcast footage, broadcast tracking, event data, in-venue tracking, baseline recon-
struction, and Event2Tracking reconstructions are shown: (a) shows a frame where green player #29 completes a control event,
(b) shows a frame where green #37 player completes a take-down event (where they attempt to dribble past an opponent). Our
method’s reconstructions more closely resemble in-venue compared to baselines.

Qualitative Results

Figure 6a shows a scene where green #29 is in control of
the ball. In broadcast tracking, nine of the twenty-two play-
ers are occluded. The Event2Tracking (60s) and STT (10s)
reconstructions are different in two key respects. First, the
Event2Tracking predicts the location of green #17 much
more accurately than the STT. This agent is not visible in
broadcast footage for the 10 seconds surrounding this indi-
vidual frame. As a result, only models that use >10 are able
to attend to this player’s past and future trajectories. This
highlights the importance of using long-term context when
reconstructing long-term occlusions. The second major dif-
ference is in the ball’s trajectory. The STT (10s) baseline
predicts the ball to be multiple metres away from the green
#29 (who completes the control event). This is both visi-
bly different to in-venue and represents an unrealistic soccer
behaviour; a control event cannot occur if a player in not
in possession of the ball. This highlights the challenges of
predicting the ball’s location from player motion alone. In
contrast, our Event2Tracking method uses the motion of sur-
rounding players as well as event data, which the time, loca-
tion, and player involved in the control event. Consequently,
the Event2Tracking’s predicted ball trajectory closely re-
sembles the in-venue ball trajectory. This example empha-
sises the importance of leveraging event context, especially
in reconstructing the ball’s trajectory.

The importance of using event data is reinforced in Figure
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6b, where green #37 completes a take-on event i.e., where a
player attempts to dribble past an opponent. In this exam-
ple, the STT (60s) predicts the ball to be multiple metres
away from the player completing the event. As in the ex-
ample above, this is unrealistic in soccer, as a take-on event
requires the player to be in possession of the ball. In contrast,
Event2Tracking approach predicts the ball’s location to be in
close proximity to green #37’s location, closely resembling
the in-venue tracking. This examples further highlight the
utility that event data provides.

Conclusion and Future Work

We outline a method for reconstructing heavily impeded
multi-agent soccer trajectories. We illustrate that long-term
multimodal context improves reconstructions of noisy tra-
jectories. This is shown experimentally, where we com-
pare against multiple approaches from previous work. In
terms of future work, an exciting direction is combining our
Event2Tracking architecture with a generative model, which
would enable the stochastic, diverse, and controllable gen-
eration of behaviours that are also consistent with soccer’s
multimodal long-term structure. Additionally, given that our
architecture has been shown to effectively model soccer
scenes, another interesting avenue is to utilise this model as
a general-purpose architecture for detecting and predicting
other team and player behaviours (e.g., likelihood of a team
scoring a goal within a certain time-horizon).
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