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Supplementary Discussion

In the following, we summarise the closest state of the art that pursues the same objective of
football corner kick tactics or pass prediction, or which more broadly devises team-sport strategy
modelling techniques that could be transferred to the setting considered in this work. To the best of
our knowledge, there are no previous graph neural network models proposed specifically for corner
kick tactics. Sports analytics research that addresses player transfers and match statistics is out of
scope, as we here focus on methods for in-game tactics.

Earlier work has generated a significant body of research on identifying key properties of a game
given diverse sources of data, and on using these to provide tactical analysis and suggestions [T} 2, 3]
4, 5, [6]. One recent example is a system for determining whether a match is in-play or interrupted,
called “in-game status”, by applying random forests and AdaBoost to process time-continuous
spatio-temporal data such as player positions [7], with similar methods having been proposed for
American football [g].

Other methods leverage game data to characterize players behaviour, such as their passing
style [9]. Such information can later feed downstream applications that may take as input a repre-
sentation of a player’s historical behaviour. Similarly, pass prediction systems may use game data
to predict the probability of a pass in a given game state [10].

A more closely related research line analyzes soccer videos to determine shot event probabilities,
which may serve as a proxy for player performance, by examining spatio-temporal relations and
prediction uncertainty [I1]. The method processes videos to obtain the players’ team and position



information, followed by a graph convolutional recurrent neural network to capture the latent
features, and a Bayesian neural network approach for predicting the final shot probabilities. There
are several differences between this prior work and our proposed approach. The utilised frame
preprocessing step in [I1] that extracts the player positioning for subsequent analysis comes with
a set of limitations. First, the approach is only able to detect field players, not goalkeepers. This
is because players in the frame are classified into the respective teams based on the shirt colour
information, and goalkeepers tend to wear different colours, introducing the risk of being mistaken
for referees. Substitutions are disambiguated based on the pitch coordinates. Second, for the
same reason, the method in [II] doesn’t actually resolve player identity, only team affiliation for
the detected players on the pitch. Without the identity information, it is not possible to cross-
reference meta-data on player height, weight, or other potentially relevant features that may be
otherwise available for analysis. As our ablation experiments have shown (see Table 4| and , this
data plays a relevant role in our predictive model, and the use of such features can improve the
model’s predictive performance. The model proposed in [I1] tries to work around this limitation by
incorporating visual features directly, which may provide a noisy approximation to some (but not
all) such metadata. In contrast, our proposed approach, which has full information on field players
and goalkeepers alike, can be flexibly extended by domain experts to incorporate an arbitrary set
of additional features of relevance, in subsequent model development and refinement.

Complementary to our use case, traditional statistical machine learning methods (logistic re-
gression, XGBoost, and Random Forests) have been applied to derived player tracking features to
evaluate salient features of defensive tactics that are most likely to result in winning the ball from
the attacking side [12]. Through the application of these methods the authors conclude that direct
pressure on the player leading the ball, coupled with compact defensive positioning and numerical
superiority in the local area around the ball are most likely to result in a successful outcome for the
defensive side. While insightful, the overall performance of these statistical predictors limits the po-
tential utility of this method for iteratively improving individual tactics in a robust way. In contrast,
our proposed approach offers the set piece coaches the ability to apply a more fine-grained level
of analysis for tactic refinement on a case-by-case basis, rather than focus of high-level aggregate
insights. Defensive play was also investigated in [13], where the authors proposed Tactical Graph
Networks and showed that they were capable of reaching comparable performance compared to
more complex deep learning methods. This work also emphasizes the importance of representation
learning, which is a theme that we explore in our study as well.

Accurately identifying the salient patterns of corner kick tactics from player trajectories is the
key prerequisite for downstream tasks in football analytics, including evaluating the effectiveness of
the tactics, improving their performance and designing counter-tactics. Through leveraging deep
learning, previous research demonstrated that the outcomes of in-game events, including shots and
passes [14] [15] [16], are predictable using the spatio-temporal tracking data of player trajectories.
The graph neural network model proposed in [14] was shown to be able to identify moments of
interest in the football game when the likely receiver of the potential pass from the ball carrier
changes, due to a change in circumstance on the pitch. However, the model was not as good
at predicting shots conditioned on the pass being made to an attacking player, with the GNN
having the same performance as the baseline MLP model considered in the paper, rendering pass
completion the primary focus of the work. As for models that take the raw visual features as input,
their end-to-end nature comes with a cost, given that it may prove challenging for such models
to learn reliable feature extractors within these end-to-end pipelines on the volume of data that is
usually available, and to be robust across all the variations in the conditions of play. While the



utility of these approaches may increase with the increasing amount of available recordings, at the
moment it remains useful to detach the two components in the analysis, and ensure a higher quality
of the input features that go into the predictive network.

There are also other examples of learning techniques for modelling team sports. The Generative
Relational Inference Network (GRIN) [17] follows the VAE framework to learn disentangled repre-
sentations for each agent in a dynamic scene, rather than a fixed frame as studied here. It encodes
each node into a latent representation, comprising an intra-agent intention and an inter-agent re-
lation, through a graph convolution network (GCN). The inter-agent relations under go message
passing through graph attention layers, the result of which is combined with intra-agent intention
to form the reconstruction loss. Rich latent edge features are inferred from the networks. Although
there is no group-invariant layers or data augmentation, experiments show that this method could
discover disentangled factors from basketball players, and interventions on these factors produced
interpretable variations in the predicted player trajectories.

Using NBA games spacio-temporal tracking data, DeepHoops [I8] presents a Deep Learning
architecture that estimates the impact of all micro-actions in on the outcome of Basketball plays.
In particular, it allows to evaluate the contribution of individual off-ball events to the success of
a possession. Graph attention networks with temporal convolutional layers have recently been
proposed as a way of accurately predicting the NBA player in-game performance [I9]. Graph
neural networks have also recently been used within the FAUPA-ML framework for improving the
understanding of factors behind plays in handball [20], by successfully utilising the existing expert
knowledge and scaling it to large datasets.

In [21] a tree-search method (Kernel Regression UCT) has been applied to discover curling
strategies in self-play. The authors show that counterfactual justifications of actions taken by the
model can be used to teach humans non-trivial concepts of curling as demonstrated in a user-study.

Supplementary Methods

Case Study Design

As previously described in the Results section, we designed an in-depth case study to evaluate the
benefits of TacticAl’s predictive and generative capabilities. We designed four specific tasks which
we offered to five experts affiliated with Liverpool FC. To avoid biasing our raters, we have kept all
details of these tasks strictly hidden from them prior to conducting the case study. Further, for all
corner situations shown we did not reveal the team or player identities—only the players’ positions
and velocities at the moment the corner kick was taken, and whether they are on the attacking or
defensive team. We remark that we do not reveal the heights and weights of the players to the raters.
This was done deliberately to avoid over-cluttering the provided inputs, and we have performed
ablations (in Supplementary Tables which demonstrate that excluding these features does not
critically limit TacticAI’s predictive power.

Task 1: Does TacticAl generate realistic tactical adjustments? To answer this question,
we started from a dataset of 50 corners from the Premier League, which have been held-out from
TacticAD’s training set (Supplementary Figure [3]). For a subset of those corners, we have applied
TacticAl’s generative head to propose alternate tactics for either minimising or maximising shot
probability, and used TacticAl’s suggestion in place of the original corner. We then asked our
raters to judge whether each of these corners was real or generated. Through discussions with the



raters after the task was done, and observing their comments, we noted a variety of strategies were
employed to detect realism:

e Most raters chose to decide realism based on detecting whether there was something markedly
unusual in the setup, for example a strategy that left opposing players in clear space.

e An alternate strategy, employed by one rater, was to decide realism based on whether the
situation could have plausibly happened, even if it had a clearly suboptimal tactical setup.
This approach ended up tagging most of the examples as real.

e Raters who specialise in corner kick analysis preferred a “retrieval” based strategy, wherein
they would rate a corner as real if they were able to recall from memory that exact setup.

In spite of this variety of approaches, and as discussed in the Results section, all of the raters were
generally confused as to which samples were real, and they unanimously highlighted how challenging
they found this task.

Task 2: Does TacticAl predict plausible receivers? To answer this question, we reused the
same 50 corners leveraged for Task 1, and simultaneously asked our raters which of the attacking
team’s players were most likely to make first contact with the ball (Supplementary Figure |3). The
raters were allowed to provide as little or as many players as they wanted to—and we cross-referenced
their proposals with TacticAI’s top three suggested receivers. Generally, we found significant vari-
ability in the amount of players proposed by different raters—some opted to suggest 3—5 receivers
on almost all situations studied, whereas others did not want to suggest more than one receiver on
most occasions. As discussed in the Results section, in spite of this diversity of approach, the top-3
predictions made by TacticAl largely agreed with the rater estimates, and there was no significant
difference between TacticAl’s accuracy over real and generated setups, indicating that TacticAl
could be robustly used to predictively analyse both real and simulated corner kicks. And, as high-
lighted by several of the raters, such a system would prove useful to a football analyst: a receiver
predictor can be used to indicate which players may need to be especially targeted defensively, as
well as to evaluate whether corners in already-played games have unfolded in a manner which is
expected.

Task 3: Can TacticAI be used to retrieve usefully similar corners? To answer this
question, we leveraged 50 reference corners from the Premier League, held-out from TacticAl’s
training set (Supplementary Figure [4). For each of these corners, we retrieved one other Premier
League corner that was closest to it—either in TacticAl’s graph-level embedding space, or in terms
of the distance of the raw player features in the input space. This decision allowed us to not only
measure whether TacticAl’s embeddings can be used to mine for similar corners, but also to assess
whether they provide an edge over a simpler mining heuristic which is purely position based. We
asked our raters whether they find the retrieved corner to be usefully similar to the reference corner;
that is, whether showing these two corners side by side would be judged as useful. The raters once
again assumed a diverse set of approaches for deciding which features of the two corners were
salient enough to be useful. Some of the common considerations mentioned by the raters included:
whether the corner is in- or out-swinging, existence of a short corner option, zonal vs. man-marking
approach, counting the number of players in the 18-yard box, positioning of the goalkeeper, and
assessing whether the two corners likely had the same attacking or defending team, or had come



from the same game. Similarly as for the previous tasks—from the discussion in the Results section
we can conclude that, despite the wide variety of salient features considered, the raters generally
found TacticAl’s retrievals to be superior to the positional heuristic. They also highlighted the high
utility of such a retrieval system: it can be used by analysts and coaches to discover and prepare for
other teams’ common routines, as well as to discover new ideas and variations on a particular corner
that they might otherwise have overlooked. It has also been stressed that the “top-1" retrieval study
employed here is likely too strict. While it was necessary to restrict attention to only one retrieved
corner here in order to keep the raters’ workload manageable, in practice, an analyst may wish to
analyse up to 10-20 retrieved corners for every reference corner. Given that TacticAl already has
a favourable score in the top-1 regime, we anticipate its utility to only compound if deployed for
real-world use.

Task 4: Does TacticAl generate useful tactical adjustments? To answer this question,
we once again gathered a dataset of 50 held-out corners from the Premier League (Supplemen-
tary Figure [5)). For each of them, we have used TacticAl’s guided generative model to propose
adjustments to the defending team’s player positions and velocities—leaving the attacking team
unchanged—such that the predicted shot probability is reduced. We chose to focus on the defend-
ing team to match a real-world workload: typically, a corner setup is dictated by the attacking
team, after which the defensive team needs to respond to this setup in an optimal way. For each of
these corners, we showed the raters the two versions (original and TacticAl-adjusted) side-by-side.
We stated that the corner on the left-hand side is a reference corner, asking the raters to judge
which of the defending team’s players are in a better or worse position, considering the adjustments
on the right-hand side. We also asked the raters to judge whether the right-hand side corner is,
overall, a better or worse situation than the left-hand side for the defensive team. To control for
bias, we randomly select a subset of corner setups for which we reverse the two versions, making
the TacticAl suggestion the reference corner. The raters focused on a variety of salient features in
the suggestions, including but not limited to: whether defenders are better at tracking an attacker’s
run, whether it is better for them to move or stand still, and the positioning of the goalkeeper.
There have been two situations where an adjustment was judged as “possibly useful”, depending
on the adjusted player’s profile. For example, certain runs were only deemed likely to succeed if
performed by defenders of high physical capability or fitness. As the TacticAl variant we trained
here did not have access to player features beyond height and weight, such nuances were out of scope
for this study, and we did not consider them to be salient observations. Overall, as outlined in the
Results section, the raters were overwhelmingly in favour of TacticAI’s suggestions, demonstrating
a high degree of inter-rater agreement. We illustrate four of the most salient situations where Tac-
ticAD’s suggestions were deemed significant in Figure [5f in one of these situations, ten defensive
players were considered usefully adjusted, which is nearly the entire defending team! Further, this
kind of position-adjustment system has been deemed a highly useful tool for an analyst or coach
to leverage by all of our raters. Even the opportunity to view such suggestions side-by-side with
a reference corner was considered to be useful, as it prompted the rater to immediately consider
strategic variations. Since the guided generation system was deliberately designed to offer subtle
modifications to player coordinates and velocities, the raters deemed such a system most useful
to help detect players that have likely not been following the instructions of their coaches, and
neglected the tactical play. This can then lead to targeted interventions by the coaches—either to
exploit a weakness posed by an opposing player that tends to ignore instructions, or to improve
coaching of the team’s player if they are found to be neglecting the determined tactics. Coupled



with the positive outcome of Task 1, and the finding that the suggested adjustments are generally
hard to distinguish from real corner situations, we conclude Task 4’s question to be answered in
the affirmative.

Additional Ablation and Stability Studies

In this section, we provide several further ablation studies on TacticAI’s dataset, input representa-
tion, architectural choices and output stability, to further supplement our results and justify some
of our design choices.

Firstly, as discussed in the main paper, our training and test datasets are randomly sampled
across all corner kick situations. While we find this to be a fair way to evaluate the capabilities
of our system in capturing tactical subtlety, we also acknowledge that tactics may be subject to
drifting over time, and that there may be multiple similar tactical executions in the same game. To
evaluate how TacticAl systems would perform under temporal drift, we re-ran all of our ablation
studies under an 80%—20% temporal split, where the 20% of the corner kicks from games that
occurred latest in our dataset would be used for testing. Our results on the temporal split are
summarised in Supplementary Table [2| (for receiver prediction) and Supplementary Table 3| (for
shot prediction).

Our findings broadly indicate that utilising a temporal split does not affect the relative ordering
of our baselines—hence, our conclusions about TacticAI design still hold in this regime. Further,
while all baselines experience slight regressions in the receiver prediction performance, the Do-
symmetric model is the most stable; its top-3 accuracy is reduced by < 3%, whereas the top-3
accuracies of non-geometric GNNs are reduced by > 5%. We suspect that this stability is a
direct consequence of the Ds-equivariant model’s enforcement of identical outputs for symmetric
situations, which might make the model less sensitive to repetitions of similar strategies in the
training data.

Another way in which the stability of the TacticAI system is worth probing is within its guided
generation model. While the ratings we received by experts already indicate that these generations
are hard to distinguish from real corner kick situations, we quantitatively evaluate to what extent
the generative model may produce unrealistic player positions or velocities. These results are
summarised in Supplementary Figure [6]

Our results indicate that TacticAl mainly recommends subtle player position changes of < 1m,
being more conservative for defending players, as they tend to stay confined within the box or
near it. Further, over a sample of 1,100 player adjustments, we found that there were no tactical
recommendations which would move the player out of the bounds of the pitcfﬂ

Similarly, we find that TacticAl recommends subtle changes to player velocity, with slightly
increased variance towards larger speeds—which corresponds to our raters’ remarks that TacticAl
is a potent system for detecting players who may be neglecting their strategic roles. Further, we
find that TacticAI only recommends speeds larger than ones seen in the training data for 0.3% of
the players—generally suggesting that its recommended velocities are within plausible ranges.

Lastly, to further probe the capabilities of our choices in designing TacticAI’s base model, we
provide additional ablations in Supplementary Table {4| (for receiver prediction) and Supplementary
Table [5] (for shot prediction).

Aside from the already-mentioned height /weight ablation, we also compared our models against
heterogeneous GATs [22], and a Transformer-based encoder [23], [24]. The first comparison is de-

1Provided they were not already out-of-bounds in the real corner—which happened in only three cases overall.



signed to check whether the heterogeneous graph structure of the football teams can be exploited
in different ways, whereas the other seeks to validate whether the GATv2 attention is competitive
against the more popular dot-product self-attention. In both cases, we either observe no signifi-
cant differences, or a performance degradation in the ablated architectures, further confirming our
choices in graph and architecture design for TacticAl.

Supplementary Figures
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Supplementary Figure 1: t-SNE embeddings of raw input features. For the same set of corner kick samples
used in the t-SNE visualisation in Figure[2] we visualise their raw input features with t-SNE. The t-SNE embeddings
of the attacking and defending setups are not clearly separable.
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Supplementary Figure 2: The encoder architecture of TacticAI’s predictive and generative component
models. For each input graph, we first generate three Da-reflected views. Secondly, we process them via a sequence
of four GATv2 [25] group convolution layers. The actual number of layers may be different in different tasks
(Supplementary Table . Finally, we aggregate the encodings of the input graph (identity encodings) and the
encodings of its corresponding reflected views (equivariant encodings) through a weighted sum to obtain the final
graph encodings. Specifically, for the receiver and shot prediction tasks (which are fully invariant), we take the
mean of the encodings, and for the guided generation task (which is equivariant), we set the weight of the identity
encodings to 1.0 and zero out the equivariant encodings. The graph encodings are further processed with respect to
the corresponding tasks (see Network Architectures in th(é Methods section.)



Supplementary Figure 3: Sample of Task 1 and 2 in the case study. Each corner kick sample in this task is
presented in a 2D “bird’s eye” view, in which blue and red dots represent defending and attacking players, respectively,
and the length of the arrow attached to each dot indicates their velocity. During the task, for each sample, we first
ask the human experts to identify whether the sample is a real corner kick or a generated one by TacticAl. Next,
they are asked to identify the most likely receivers among the attacking team’s players.

Supplementary Figure 4: Sample of Task 3 in the case study. In this task, we present a pair of corner kicks
in each task sample, one of which represents the reference corner kick, and the other represents a retrieved corner,
taken as the closest sample in distance, either in the TacticAl latent space or in the raw feature space. The human
raters are asked to rate whether the pairs are similar with respect salient patterns.
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Supplementary Figure 5: Sample of Task 4 in the case study. In this task, the human raters are given pairs
of corner kick samples, each of which consists of a reference corner kick sample and its adjustment generated by
TacticAl. Then, the raters are asked to identify whether there are salient improvements in the adjustment and also
to give specific account to those improvements as well. For the adjustment in each pair, we rate it as 41 if the rater
confirms that overall adjustments are constructive, 0 if no distinct difference, or —1 if destructive.
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Supplementary Figure 6: Stability analysis for tactic refinement. In addition to evaluating the realism of the
tactic adjustments recommended by TacticAl in the case study, we also quantitatively analyse the adjustments with
two metrics: 1) the change of player positions in meters (m), and 2) the change of player speed norms in meters
per second (m/s). In particular, we plot these quantities over 100 TacticAl-generated attacking and defending team
adjustments. First, we see that the suggested position changes are within feasible ranges (up to 4m), for both the
attacking (A) or defending (B) teams. Secondly, we observe that the position variation of the attacking teams (A)
is larger than that of the defending teams (B), which is likely due to the relatively restricted range of positions for
defending players in a corner kick. Finally, when it comes to velocity changes, we see that, in general, TacticAl
suggests faster movements for both attacking (C) and defending (D) teams. These changes are still feasible in
practice, as suggested by the feedback received from the expert human raters.
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Supplementary Tables

Hyperparameter Receiver Prediction Shot Prediction Guided Generation
Batch size 256 128 128
Learning rate le-4 le-4 5e-5

L? weight decay le-4 0. le-4

Adam optimiser 5, 0.9 0.9 0.9

Adam optimiser (5o 0.999 0.999 0.999

Adam optimiser € le-8 le-8 le-8

# Graph attention layers 4 2 2

Supplementary Table 1: Hyperparameters for training TacticAI’s components. We list the hyperparameters
with which we obtain TacticAI’s best performing component models. The models are selected according to their
evaluation losses. In particular, for guided generation, attacking and defensive generations are trained as two models,
and share a same set of hyperparameters.
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Model Average Top-3 Accuracy

Random training-test split Temporal training-test split

Random 0.136 0.136

CNN [15] 0.364 +0.031 0.358 + 0.061
Deep Sets [26] 0.713 +0.022 0.649 +0.073
MPNN [27] 0.723 £ 0.017 0.664 = 0.033
GATv2 [28, 25] 0.748 +0.021 0.698 + 0.047
GATv2 + D frame averaging 0.780 £ 0.011 0.749 +0.078
GATv2 + D group convolution [29] 0.782 +0.039 0.753 + 0.050

Supplementary Table 2: Ablation results for receiver prediction. We use top-3 accuracy as the metric, and
we ablate our methods with two 80%—20% training-test split schemes: a randomised sampling of corner kicks, and
a temporal split, where models are trained with older corner kicks and are evaluated on the 20% latest ones. In
particular, the random split assumes that the corner kick samples are independently and identically distributed
(i.i.d.), and the temporal split alleviates temporal correlations between training and test samples because the more
adjacent the tactics one team use, the more similar they would be. On both splits, we observe that a graph
representation with Deep Sets [26] outperforms a convolutional neural network (CNN [I5]), which does not leverage
a graph representation. Secondly, instead of modelling each player node in isolation without considering adjacency
information with Deep Sets, we augment each pair of player nodes with an edge to indicate whether they are on
the same team, and process the resulting fully connected graphs with various GNNs (MPNN [27] and GATv2 [25]).
This yields another performance gain in Top-3 prediction accuracy, particularly using GATv2. Finally, equipping
the GATv2 with a D2 group convolution yields our best performing model for receiver prediction.

Model Average I Score

Random training-test split Temporal training-test split
Random 0.500 0.500
GATv2 [28, 25] (unconditional) 0.521 £ 0.027 0.504 +0.010
GATv2 + receiver conditional 0.677 £ 0.036 0.659 £+ 0.074
GATvV2 + receiver conditional + Dy group convolution [29)] 0.712 £0.011 0.716 £ 0.009

Supplementary Table 3: Ablation results for shot prediction. We use the F; score as the metric, because
the dataset used to develop the shot prediction component model is imbalanced with a positive-to-negative ratio of
0.21. Instead of directly predicting the unconditional probability of a successful shot attempt, we predict the shot
probability conditioned on the receiver of the corner kick, which yields a clear improvement in both random and
temporal splits.
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Model Average Top-3 Accuracy

GATv2 [28, 25] + D4 group convolution [29)] 0.782 £ 0.039
Without height and weight features 0.763 £ 0.060
With Heterogeneous GAT [22] encoder 0.785 £ 0.043
With Transformer attention [24] 0.779 £ 0.051

Supplementary Table 4: Architecture and feature ablation results for receiver prediction. All models
presented in this ablation apply D2 symmetries and group convolution [29]. We ablate the usage of player heights
and weights, the usage of heterogeneous graph encoders, and dot-product attention from Transformers.

Model Average F; Score
GATv2 + D4 group convolution 0.712 +£0.011
Without height and weight features 0.676 = 0.063
With Heterogeneous GAT [22] encoder 0.668 + 0.067
With Transformer attention [24] 0.715£0.010

Supplementary Table 5: Architecture and feature ablation results for shot prediction. All models presented
in this ablation apply D2 symmetries and group convolution [29]. We ablate the usage of player heights and weights,
the usage of heterogeneous graph encoders, and dot-product attention from Transformers.
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