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Abstract

Artificial intelligence has revolutionized the way we analyze
sports videos, whether to understand the actions of games
in long untrimmed videos or to anticipate the player’s mo-
tion in future frames. Despite these efforts, little attention
has been given to anticipating game actions before they oc-
cur. In this work, we introduce the task of action antici-
pation for football broadcast videos, which consists in pre-
dicting future actions in unobserved future frames, within
a five- or ten-second anticipation window. To benchmark
this task, we release a new dataset, namely the Soccer-
Net Ball Action Anticipation dataset, based on SoccerNet
Ball Action Spotting. Additionally, we propose a Football
Action ANticipation TRAnsformer (FAANTRA), a baseline
method that adapts FUTR, a state-of-the-art action antic-
ipation model, to predict ball-related actions. To evalu-
ate action anticipation, we introduce new metrics, includ-
ing mAP @4, which evaluates the temporal precision of pre-
dicted future actions, as well as mAP @ oo, which evaluates
their occurrence within the anticipation window. We also
conduct extensive ablation studies to examine the impact of
various task settings, input configurations, and model archi-
tectures. Experimental results highlight both the feasibil-
ity and challenges of action anticipation in football videos,
providing valuable insights into the design of predictive
models for sports analytics. By forecasting actions be-
fore they unfold, our work will enable applications in auto-
mated broadcasting, tactical analysis, and player decision-
making. Our dataset and code are publicly available at
https://github.com/MohamadDalal/FAANTRA.

1. Introduction

Artificial intelligence and computer vision have signifi-
cantly advanced sports analytics, improving player track-
ing, tactical evaluation, and event detection. These advance-
ments support applications ranging from real-time match
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Figure 1. Overview of our new action anticipation task for
sports. Action anticipation aims to predict and temporally local-
ize future actions in an anticipation window of T;, seconds using
information from a preceding observed context window of T, sec-
onds. Unlike action spotting, where models can access the entire
video sequence to detect actions, action anticipation requires pre-
dicting future events without access to future frames.

analysis to automated content generation. Much progress
has been made in action recognition [53], which classifies
actions, and action spotting [19], which localizes them in
time. Yet, action anticipation, which predicts actions be-
fore they occur, remains largely unexplored. Anticipation is
a key aspect in football, and integrating this predictive capa-
bility into Al can enhance game understanding and enable
applications such as: (1) automated broadcasting, where
cameras proactively adjust based on anticipated actions, (2)
team tactical analysis, where coaches gain insights into pos-
sible future plays, and (3) player decision-support systems,
which help athletes anticipate opponents’ moves and opti-
mize their positioning.

Most prior work on future game dynamics prediction
has focused on trajectory forecasting, for player or ball
movement [4, 22, 51], rather than anticipating actions such
as passes or shots. Unlike action spotting, which detects
actions using full video sequences, action anticipation re-
quires reasoning about upcoming actions using only past
observations. This paradigm shift introduces additional
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challenges, requiring models to recognize patterns in past
actions and infer likely outcomes.

This work introduces the first structured benchmark for

action anticipation in football by presenting the SoccerNet
Ball Action Anticipation dataset, an adaptation of previous
versions of the SoccerNet dataset [7, 10, 17]. As an initial
solution to solve the task, we propose the Football Action
ANticipation TR Ansformer (FAANTRA) model, a baseline
that adapts FUTR [23], a state-of-the-art action anticipation
model, to predict ball-related actions within five- and ten-
second future windows, using only past frames. In line with
current trends in action spotting [28, 55], we employ an ef-
ficient video feature extractor that we train in an end-to-end
approach. To evaluate performance, we propose new antic-
ipation metrics, including mAP@J for temporal evaluation
and mAP@ oo for action occurrence within the anticipation
window. Additionally, we conduct extensive ablation stud-
ies to analyze the impact of various task settings, input con-
figurations, and model architectures. These studies high-
light the challenges of the task while also underscoring the
importance of key modeling choices.
Contributions. We summarize our contributions as fol-
lows: (i) We introduce the first structured benchmark for ac-
tion anticipation in sports, formalizing the task with a novel
SoccerNet Ball Action Anticipation dataset and pertinent
metrics to evaluate that task. (ii) We propose FAANTRA,
the first baseline model specifically designed for action an-
ticipation in football broadcasts. (iii) We conduct extensive
ablation studies, providing insights into the challenges of
the anticipation task as well as effective model design.

2. Related work

Action spotting. Given a long, untrimmed video stream,
the task of action spotting consists in identifying and pre-
cisely localizing actions of interest in time [17, 19, 41]. Au-
tomatically extracting actions is key for many sports appli-
cations, including generating game statistics [10], support-
ing video analysts in coaching or referees during games [26,
27], or customizing highlights based on the viewer’s pref-
erences [48, 49]. The SoccerNet challenges [6, 7, 18] have
led to the development of numerous methods, which can
be categorized into two training paradigms: feature-based
approaches [5, 16, 43, 47, 64], which rely on pre-extracted
features and train only the spotting head, and end-to-end
approaches [3, 11, 28, 54], which simultaneously train both
the backbone and the spotting head. Yet, all these methods
require access to the complete video stream containing the
actions to spot them, including past, present, and future con-
textual frames. In this work, we propose to tackle the task
of action anticipation, in which the methods only have ac-
cess to past context to predict future actions. Particularly,
we follow current trends in action spotting by proposing
an end-to-end approach to anticipation, leveraging an effi-

cient feature extractor from T-DEED [55], the state-of-the-
art (SOTA) method for action spotting.

Action anticipation. This task involves predicting future
actions based solely on the observation of past context. It
can be divided into two main types: short-term and long-
term action anticipation. In short-term action anticipa-
tion [14, 20, 56, 59, 62], models predict actions within a
small fixed future window, typically ranging from 1 to 5
seconds, which defines the action class. This is usually done
by dividing the window into intervals and predicting the ac-
tion occurring at the end of each one. In contrast, long-term
action anticipation [12, 23, 37, 57, 58, 63] aims to predict
the sequence of future actions along with their durations,
and may look up to several minutes ahead. Our proposed ac-
tion anticipation task in football aligns with the short-term
setting, anticipating actions within fixed five- or ten-second
windows. However, rather than localizing activities at the
end of predefined intervals, the objective is to localize the
exact timestep of each anticipated action.

Most action anticipation methods rely on pre-extracted
features to address the task [2, 15, 35, 36, 62], while only
a few tackle it in an end-to-end manner [21, 32, 33, 60].
To process information within the observed time window,
these methods typically employ architectures designed to
capture the sequential nature of videos, such as Recurrent
Neural Networks (RNNs) [12, 14, 15, 33, 46]. More re-
cently, Transformers have become the preferred choice, as
seen in methods like FUTR [23] and Anticipatr [37], both
of which leverage a transformer encoder for this purpose.
When generating anticipations, some methods [1, 2, 12, 39]
adopt an auto-regressive approach, where predictions are
made sequentially. Non auto-regressive approaches, on the
other hand, typically fall into one of two main categories:
anchor-based and query-based approaches. Anchor-based
approaches [56, 58, 59] consider predefined temporal posi-
tions within the anticipation window, predicting the action
occurring at each position. Most short-term anticipation
methods fall into this category, as they focus on predicting
actions within fixed temporal intervals. In contrast, query-
based approaches [23, 37, 63] use a set of learnable repre-
sentations that are not tied to specific temporal positions, in-
stead predicting both the action and its precise localization.
FAANTRA aligns with current trends by leveraging trans-
formers while adopting a query-based approach, which our
ablation studies show to be beneficial.

Action anticipation datasets are typically adapted from
action localization or segmentation datasets, often focus-
ing on daily activities, such as cooking [8, 30, 31, 44], or
sourced from movie and TV-series datasets [9, 25]. How-
ever, no dataset currently addresses action anticipation in
sports. Therefore, our proposed SoccerNet Ball Action An-
ticipation dataset is the first video-based action anticipation
dataset focusing on sports, specifically football. Moreover,



the fast-paced and uncertain nature of football adds an extra
challenge compared to other datasets, where the sequence
of actions tends to follow a more scripted pattern.

Anticipation in sports. While research on anticipation in
sports exists, none of the current studies approach it from a
video-based action anticipation perspective. Instead, some
methods [13, 22] rely on ball and player tracking data along
with metadata and are constrained to anticipating only the
next action class. In contrast, other works [4, 51, 52] focus
on predicting the trajectories of the ball and players, which
differs from our task of anticipating actions.

3. Action anticipation in sports

Task definition. Given a set of N observed, trimmed
videos V = {v!,0%,... 0", ..., 0N} with a supposed
fixed length of T, seconds, the task of action anfticipa-
tion aims at predicting a set of future actions of interest
A" ={a},a3,...,ayp, ... a4, } foreach video v, where
| A™| is the total number of future actions of interest for
video n, which may vary across different videos. More pre-
cisely, the goal is to only use the observed video v™, also
referred to as the context window, to identify and localize
all actions that will occur within its immediate unobserved
future time window w” € W, also called the anticipation
window, with a fixed length of T}, seconds. All actions aj}
are defined by two features: (1) aclass ¢ € {1,...,C}, C
being the total number of action classes of interest, and (2)
a timestamp ¢ € [0, 7], indicating the exact moment the
action will happen in the anticipation window.

Evaluation metrics. To benchmark our action anticipation
task, we adapt the mean Average Precision (mAP) metric,
proposed by Giancola et al. [17] for Action Spotting (AS),
to evaluate performance within the non-observed anticipa-
tion window. Specifically, the mAP for a given temporal
tolerance J (i.e., a prediction is considered correct if it falls
within a window of 4/2 seconds before or after the ground
truth), denoted as mAP@J, is computed by averaging
the Average Precision (AP) values across different action
classes [19]. AP summarizes precision-recall points into
a single value by estimating the area under the precision-
recall curve. To evaluate different aspects of model per-
formance, we consider six variations of the mAP@J) met-
ric with different § tolerances: {1,2,3,4,5,00}. Smaller
tolerances emphasize on precise localization of anticipated
actions, while larger tolerances are more loose on minor lo-
calization errors. When § = oo, the metric completely dis-
regards localization and focuses only on the correct iden-
tification and counting of action classes. These variations
provide a balanced evaluation of both localization accuracy
and action identification. Finally, we report the average per-
formance across all six variations.

Dataset Year Domain Spontaneity Hours Classes
50Salads[44] 2013 Cooking Medium 4.5 17
Breakfast[30] 2014  Cooking Medium 77 48
THUMOS14[29] 2014 Web Medium 20 20
Charades[42] 2016 ADL Low 82.3 157
TVSeries[9] 2016  Movie Medium 16 30
EGTEA Gaze+[31] 2018 Cooking Medium 28 106
EpicKitchens-100[8] 2020 Cooking High 100 3807
Ego4D[24] 2022 ADL High 243 4756
Assembly101[40] 2022 ADL Medium 513 1380

SN-BAA (ours) 2025 Football ~ Very High 114 10

Table 1. Comparison of video-based action anticipation datasets,
including SN-BAA, with details on the year, domain, spontaneity
level, total hours, and number of action classes, following Zhong
et al. [61]. ADL stands for Activities of Daily Living.

4. SoccerNet Ball Action Anticipation dataset

We introduce the SoccerNet Ball Action Anticipation
dataset (SN-BAA), by adapting the SoccerNet Ball Action
Spotting dataset (SN-BAS) for our novel action anticipation
task. SN-BAS comprises untrimmed videos from nine pro-
fessional football matches, annotated with the precise local-
ization of C' = 12 different on-ball action types. The dataset
is divided into four splits: four games for training, one for
validation, two for testing, and two with hidden ground truth
for challenge evaluation.

In adapting the dataset for the anticipation task, we pre-
serve the original splits from SN-BAS. For the training and
validation splits, we retain the original untrimmed videos,
allowing different methods to process them freely based on
their characteristics. To ensure standardized evaluation on
the test and challenge splits, we clip the untrimmed videos
into 30 seconds video clips, using a sliding window with a
stride of T, seconds. This enables methods to work with
context windows 7 ranging from 0 to 30 seconds. Using a
stride of T, seconds ensures that all actions are evaluated.
Regarding the action classes considered, we exclude goals
and free-kicks from the SN-BAA dataset, reducing the set
to C' = 10 classes. As detailed in the dataset analysis in the
supplementary material, these classes are rare, with only six
and two observations, respectively, in the test split. Such
low frequency leads to an unstable metric, where a single
correct or incorrect anticipation can cause large fluctuations
in performance. Therefore, to ensure a more robust evalua-
tion, we removed these classes from SN-BAA.

Comparing the SN-BAA dataset with other common
video-based action anticipation datasets in Tab. 1, we find
that our dataset stands out in terms of spontaneity (i.e., the
unpredictability and suddenness of actions). The fast-paced
and adversarial nature of football, where players attempt to
hide their intentions from opponents, make the actions in
our dataset less predictable and more challenging than in
others. Additionally, SN-BAA is the first action anticipation
dataset focused on sports, specifically in football. However,
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Figure 2. FAANTRA Architecture Overview. FAANTRA processes context video frames by extracting per-frame representations through
a backbone (BB). These features are fed into a transformer encoder to capture temporal dependencies. A set of learnable queries, repre-
senting action predictions, are initialized in the transformer decoder and refined through multiple layers, leveraging information from the
encoder. Each refined query is then processed by a prediction head (PH) to output three components representing the anticipated actions:
action detection (i.e., actionness), action class, and temporal position.

it has a moderate number of hours and classes compared
to other datasets. Further analysis of the dataset statistics
in the supplementary material reveals a total of 12433 ac-
tions across the entire dataset (i.e., one action every 3.30
seconds). The action classes follow a long-tail distribution,
with passes and drives being the most frequent, while ac-
tions such as shots or successful tackles occur far less often.
A similar pattern is observed when examining the distribu-
tion of actions within an anticipation window of T, = 5
seconds, where the dataset contains an average of 1.5 ac-
tions per window, with a maximum of 8 actions.

5. Football action anticipation transformer

Method overview. Our new method, namely Football Ac-
tion ANticipation TRAnsformer (FAANTRA), builds on
top of FUTR [23], a SOTA method for action anticipation.
Specifically, our approach consists of three main compo-
nents: a feature extractor, a transformer encoder-decoder,
and a prediction head. Following current trends in Action
Spotting (AS) [28], we employ end-to-end training with a
feature extractor that directly processes frames from fixed-
length videos spanning 7, seconds, corresponding to the
context window. The number of frames within this window
is denoted as F.. In line with SOTA feature extractors for
AS [55], we use a 2D efficient backbone, RegNetY [38].
This backbone extracts per-frame representations, which
are further refined by a transformer encoder-decoder. The
encoder, with [g layers, processes the extracted features,
while the decoder, with [ layers and learnable queries to
represent the anticipated actions, captures relevant infor-
mation from the encoder to anticipate future actions. We
further introduce locality biases in the encoder through lo-
cal self-attention, as shown beneficial in the presented abla-

tions. Finally, each refined query is processed by the predic-
tion head, which comprises three components: (i) a binary
classifier to detect action presence, (ii) a classification mod-
ule to identify action class, and (iii) a timestamp predictor
to estimate the precise temporal position of the anticipated
action. Further details of the method are presented in the
following sections.

5.1. Feature extractor

Following SOTA in Action Spotting, we use RegNetY [38,
55] as our backbone, known for its efficiency. Additionally,
we also incorporate Gate-Shift-Fuse (GSF) modules [45]
in the latter half of the backbone, allowing the extracted
features to integrate local spatial modelling before captur-
ing longer temporal dependencies within the transformer
encoder. A linear layer is added after the feature extrac-
tor to project the representations into d dimensions. As a
result, the feature extractor processes the input frame se-
quence corresponding to the observed context window of
F. frames, v" € RFexHXWX3 where H x W denotes the
spatial resolution and produces a sequence of F, per-frame,
d-dimensional representations of dimension F, x d.

5.2. Transformer encoder-decoder

The transformer encoder-decoder module processes the fea-
tures, which primarily contain spatial information along
with local temporal information. The objective of the trans-
former is to capture longer-term temporal dependencies and
extract the relevant cues to anticipate actions within the
anticipation window. The encoder refines these features,
while the decoder transfers the refined information to a set
of learnable queries that represent the anticipated actions.

Transformer encoder. It consists of /g transformer en-



coder layers, adapted from the original vanilla transformer
encoder layers [50] to use local self-attention instead of
global self-attention, as shown beneficial in Sec. 7.2. The
frame representations from the feature extractor of dimen-
sion F, X d, pass through [ encoder layers, each compris-
ing a multi-head local self-attention module with h heads,
restricting tokens to attend within a neighborhood of % to-
kens. Each layer also includes a feed-forward network and
layer normalization. Additionally, learnable positional en-
codings are added to the frame representations at each trans-
former encoder layer.

Transformer decoder. It consists of [ vanilla transformer
decoder layers. Each layer applies standard multi-head self-
attention and cross-attention, both with A heads, followed
by a two-layer feed-forward network and layer normaliza-
tion. The decoder processes a set of g learnable queries rep-
resenting the anticipated actions. Within each layer, these
queries first undergo global self-attention before capturing
information from the encoder’s output through the cross-
attention mechanism. The resulting refined queries of di-
mension ¢ X d are then fed to the prediction head.

5.3. Prediction head

The refined queries, representing ¢ possibly anticipated ac-
tions, are fed into the prediction head, which consists of
three components: (i) an action detection component, re-
ferred to as actionness, (ii) an action classification compo-
nent, and (iii) a timestamp regressor. Each component pro-
cesses the refined queries in parallel by linearly projecting
them through a linear layer. The key differences lie in the
output dimensions of 1, C, and 1, respectively, and the acti-
vation functions, which are sigmoid, softmax, and the iden-
tity function, respectively. Thus, the prediction head out-
puts § = (Ja, Je, J¢), where g € RI*L, . € RI*C, and
7 € R9*L. These represent (i) the probability of a query
anticipating an arbitrary action, (ii) the confidence for each
class, expressed as a probability distribution, and (iii) the
absolute temporal position of the action within the anticipa-
tion window.

5.4. Multi-task learning

The model is trained using a combination of two losses: one
for anticipation and one for an auxiliary action segmenta-
tion task within the context window.

Anticipation loss. The anticipation loss consists of three
components: action detection £ p, action classification L¢,
and temporal position prediction L. These losses are com-
puted for each query, which are sequentially paired with
ground-truth actions in the anticipation window based on
their temporal order. When no more ground-truth actions
are available, remaining queries are treated as non-actions.
For action detection (L p), we use binary cross-entropy, as-
signing a positive label to queries paired with ground-truth

actions and a negative label otherwise. Then, the action
classification loss (L) is computed using cross-entropy,
with the target being the action class of the paired ground-
truth action. Finally, the temporal position loss (L) is the
mean squared error between the predicted and actual tempo-
ral positions of the paired action, with position values scaled
by the anticipation window T, and learned in exponential
space, following FUTR [23]. For unpaired queries, only the
action detection loss is applied. The anticipation loss is then
computed as L4 = ApLp + AcLc + ArLp, where A\p,
Ac, and Ay weights each loss component.

Segmentation loss. In addition to the anticipation task,
the model is trained on an auxiliary action segmentation
task, commonly used in anticipation settings [2, 23, 63].
This task requires the model to segment actions within the
context window, providing direct supervision over frames
where actions occur. This helps the model learn the seman-
tics of different action classes, which improves predictions
within the anticipation window, as discussed in Sec. 7.2. To
do so, a linear layer with softmax activation is applied to the
output of the transformer encoder, generating a probability
vector of size RF=*(C+1) representing the presence of each
action class or background at each temporal position. The
auxiliary segmentation loss, Lg, is computed using cross-
entropy with label dilation [28], where supervision is ap-
plied not only at the exact temporal positions of ground-
truth actions but also within a dilation radius around each
action, of r = 4 frames.

Multi-task loss. The final loss function is then computed
as L = L4 + AgLg, where Ag controls the weight of the
auxiliary segmentation loss.

5.5. Inference

During inference, for each query, we multiply the per-class
probabilities (g.) with the actionness score (3j4) to repre-
sent the confidence of specific action classes occurring at
the predicted temporal position (g;), resulting in the final
set of anticipated actions.

6. Results

In this section, we detail the implementation and training
details of our method, the evaluation protocol, and present
experimental results.

6.1. Implementation and training details

We train our baseline model using a context window of
T. = 5 seconds at 6.25 fps (i.e., F, = 32 frames) with
a spatial resolution of 448 x 796 pixels. The anticipation
window is set to either 7, = 5 or T, = 10 seconds, as
discussed in Sec. 7.1. Unless stated otherwise, our model
consists of [ = 4 encoder layers, [p = 2 decoder lay-
ers, h = 8 attention heads, a local encoder with an atten-
tion span of k = 15 neighboring embeddings, and ¢ = 8



mAP@J (T, = 5)

mAP@o (T, = 10)

Model Size Data 0=1 2 3 4 5 00 Avg. d=1 2 3 4 5 00 Avg.
%Z| FAANTRA 200MF SN-BAA 827 14.65 2098 2374 2601 28.15 2030 | 638 1138 14.60 1694 1894 27.72 15.99
E FAANTRA 400MF SN-BAA 7.83 1341 1949 2258 2450 26.65 19.08 | 6.03 11.37 1430 1628 18.17 27.80 15.66
S| FAANTRA 200MF SN-AS +SN-BAA 959 1731 2384 27.94 30.78 3296 2374 | 542 10.84 1621 1891 2145 3220 17.50
2| FAANTRA 400MF SN-AS + SN-BAA  9.74 17.47 24.11 28.56 31.13 3347 24.08 | 7.32 12.62 1839 22.08 25.02 3395 19.90
<
¢ T-DEED 200MF SN-BAA 49.70 5191 5340 53.62 5444 56.06 53.19 | 50.66 54.17 56.04 5644 57.28 5825 5547
£| T-DEED 400MF SN-BAA 5270 55.68 5720 57.39 57.84 5928 56.69 - - - - - - -
§ T-DEED 200MF SN-AS + SN-BAA 56.72 60.89 6195 62.54 6295 64.02 61.51 | 52.03 5495 56.05 56.96 57.82 58.93 56.12
“| T-DEED 400MF SN-AS + SN-BAA 5946 61.90 64.34 65.04 6530 66.99 63.85 - - - - - - -

Table 2. FAANTRA’s main results on the proposed action anticipation task, evaluated using mAP@§ metrics from Sec. 3. Results are
reported for T,, = 5 and T,, = 10 seconds, with models of different feature extractor sizes (in MegaFlops) trained on either SN-BAA alone
or jointly with SN-AS. Results from the SOTA Action Spotting method, T-DEED, are also included as an upper bound, under the same
variations. Due to limited GPU memory, T-DEED results for 7, = 10 seconds with a 400MF feature extractor are not reported.

learnable queries in the decoder. As feature extractor, we
use either RegNetY-200MF or RegNetY-400MF with hid-
den dimensions of d = 512. For T;, = 10 experiments, the
number of queries is doubled to ¢ = 16. All models were
trained on an NVIDIA RTX 6000 GPU.

For training, we process untrimmed videos by splitting
them into clips of length 7, using a sliding window with
a 90% overlap between consecutive clips, which are ran-
domly sampled. Each clip is linked to annotations for ac-
tions occurring within its context window, as well as those
in the following T, seconds (i.e., the anticipation window)
for supervision. Models are trained for 30 epochs with the
AdamW [34] optimizer, using a batch size of 4 clips, a base
learning rate of 1le — 4, 3 linear warmup epochs, and cosine
learning rate decay. The loss weights are set to A\p = 1,
Ac = 1 Apr = 10, and Ag = 1. In the cross-entropy loss,
class weights for both auxiliary segmentation and anticipa-
tion tasks are set inversely proportional to their frequency.
Common data augmentation techniques, including random
horizontal flip, Gaussian blur, and color jitter, are applied.

6.2. Evaluation protocol

Following standard practices, we train on the train set, use
the validation set to prevent overfitting, and evaluate on the
test set. Model performance is measured using the mAP
variations detailed in Sec. 3.

6.3. Main results

In Tab. 2, we present the results of our proposed base-
line, FAANTRA, using two variants of the feature extractor
(i.e., RegNetY-200MF or RegNetY-400MF). We also report
results from training on SN-BAA alone and jointly train-
ing on SN-BAA and the original SoccerNet Action Spot-
ting (SN-AS) dataset, which includes 500 additional games
with related action classes. To incorporate SN-AS, we pro-
cess untrimmed videos similarly to SN-BAA and duplicate
the segmentation and anticipation prediction heads, allow-
ing us to leverage both datasets simultaneously, as done by
the SoccerNet 2024 Ball Action Spotting challenge win-

FAANTRA Performance (mAP@J)

Action i=1 2 3 4 5 00 Avg.
Pass 2225 41.89 5559 6135 6324 66.84 51.86
Drive 28.70 47.86 57.80 6322 6537 70.07 55.50
High Pass 230 532 833 1592 1886 19.60 11.72
Header 1030 19.87 27.11 29.69 31.18 32.19 25.05
Out 10.70 18.26 26.86 29.35 30.82 32.38 24.74
Throw-in 268 9.68 1578 2896 3747 4523 2330
Cross 7.84 1322 2251 2531 2898 3026 21.35
Ball Player Block  2.52  4.69 920 11.23 1323 14.09 9.16
Shot 461 727 937 11.68 1293 14.65 10.08
Successful Tackle 543  6.62 859 886 926 939 8.02
All 9.74 1747 24.11 2856 31.13 3347 24.08

Table 3. Per-class performance of FAANTRA using RegNetY-
400MEF, trained on SN-BAA and SN-AS, with results based on the
metrics described in Sec. 3 for T, = 5 seconds.

ner [6]. Additionally, we include results for the SOTA Ball
Action Spotting method, T-DEED, using a context window
that matches the anticipation window (i.e., v™ = w™). This
serves as an upper bound, where the model has full access
to the anticipation window.

We observe a consistently large performance gap be-
tween FAANTRA and the upper bound, particularly evi-
dent in low tolerance metrics, highlighting the difficulty of
the task —especially its localization component— and empha-
sizing the need for further research on anticipation meth-
ods in the football domain. Additionally, we observe that
a larger feature extractor does not always improve perfor-
mance when training only on SN-BAA, but it does when
incorporating SN-AS. This suggests that the larger back-
bone benefits from additional data, but is prone to over-
fitting when limited to SN-BAA for anticipation. Further-
more, adding SN-AS clearly boosts performance, reinforc-
ing the value of this auxiliary dataset. As expected, antici-
pating actions further in the future is more challenging, as
shown by the performance drop when increasing the antici-
pation window from 7}, = 5 to T,, = 10 seconds.

Additionally, Tab. 3 presents the per-class results of
the best-performing FAANTRA model, using RegNetY-



400MF, trained on both SN-BAA and SN-AS, and for
T, = 5 seconds. We observe that the most frequent ac-
tions, such as passes and drives, are better captured by the
model. In contrast, actions like headers, ball out, throw-ins
or crosses, which often have observable cues before they
occur, demonstrate intermediate performance. On the other
hand, highly spontaneous actions with limited examples,
such as shots, ball player blocks, or successful tackles, are
not well captured by the model.

7. Ablation studies

To assess each component’s contribution, we conduct an ab-
lation study by systematically removing or modifying key
modules. We evaluate the impact on the test split using the
metrics defined in Sec. 3, reporting results averaged over
two different seeds. We distinguish between task ablations,
which are linked to the task definition; general model ab-
lations, which involve components common to all methods
performing the task; and model-specific ablations, which
focus on the specific components of our baseline.

77.1. Task ablations

In this section, we study the task difficulty with varying an-
ticipation window lengths, T,. As shown in Fig. 3, perfor-
mance decreases across almost all metrics as the anticipa-
tion window increases. This aligns with the nature of the
task, where predicting actions further in advance becomes
more difficult. The only exception is mAP@oo, which re-
mains stable throughout. This suggests that while the per-
formance related to the proportion of action classes pre-
dicted remains unaffected by longer anticipation windows,
the challenge lies in localizing those actions. Given the al-
ready low scores for smaller windows (7, = 5, T, = 10),
we focus the task on these window sizes, as reflected in the
main results (see Tab. 2). Future improvements in action
anticipation for these smaller windows will pave the way
for tackling the more challenging task of larger anticipation
windows. Following ablations are performed using T, = 5.

7.2. General model ablations

In this subsection, we analyze the impact of five key compo-
nents common to any potential action anticipation method:
the input frame spatial resolution, temporal resolution, tem-
poral context length, auxiliary action segmentation task
within the context window, and prediction head types.

Spatial resolution. As shown in Tab. 4 (a), reducing the
spatial resolution by half results in a performance drop of
5 points on average. This emphasizes the importance of
higher resolutions for effectively capturing relevant infor-
mation within the context window. Since broadcast videos
often cover large areas of the field, with key ball-related ac-
tions occupying only a small portion of the frame, increased
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Figure 3. Anticipation window length analysis: Performance eval-
uation across different mAP@J§ metrics for varying T anticipa-
tion windows.

mAP@§
Experiment =1 2 3 4 5 00 Avg.
FAANTRA 827 1465 2098 2374 26.01 28.15 20.30
(448 x 796, 6.25fps, w. AST, Q-Act)
(a) 224 x 398 6.23 1140 1621 1811 19.79 21.69 1557
®F 3.125 fps 480 1293 1534 1812 1932 21.79 1538
6.25 fps 623 1140 1621 18.11 1979 21.69 1557
12.5 fps 575 1121 1648 1878 1996 22.15 1572
25 fps 529 1156 1547 1785 1979 2147 1524
(c) w/o AST 244 443 6.77 8.74 9.52 1087 17.13
(d  Q-EOS 6.60 1228 17.89 19.83 21.63 2320 16.90
Q-Bckg 6.70 1228 1650 18.84 20.80 22.83 16.32
Q-BCE 525 9.55 13.04 1541 1645 1897 13.11
Q-Hung(t) 738 1028 13.01 1497 1652 2136 13.92
Q-Hung(a) 526 1093 1593 2053 23.09 2521 16.82
Anchors 839 12.09 1471 16.72 1895 25.15 15.84

Table 4. Ablation studies on general model components from
FAANTRA. We ablate the (a) input frame spatial resolution, (b)
temporal resolution, (c) auxiliary segmentation task (AST), and
(d) prediction head. T denotes ablations performed at lower spatial
resolution (224 x 398) due to computational constraints.

resolution helps capture these important parts of the video
more effectively but requires more memory to process.
Temporal resolution. In Tab. 4 (b), we observe that the
optimal frame rate lies between 6.25 and 12.5 fps. Lower
frame rates likely degrade performance due to missing in-
formation from large frame steps, while higher frame rates
seem to introduce redundant information without benefiting
the method, decreasing the temporal receptive field of the
encoder-decoder and increasing computational cost.
Temporal context length. As shown in Fig. 4, performance
initially improves as the context window length increases
but plateaus or slightly declines beyond 7. = 5 seconds.
This suggests that, for our proposed baseline, extending the
context beyond 5 seconds offers minimal benefits while in-
creasing computational cost. Given the fast-paced nature of
football, information from more distant context appears to
add little value for accurately anticipating actions.
Auxiliary segmentation task. Table 4 (c) highlights the
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Figure 4. Context window length analysis: Performance evalua-
tion across mAP @4 metrics for varying 7. context windows.

importance of the auxiliary segmentation task in our base-
line. Removing this component from FAANTRA results in
a substantial performance drop, emphasizing the need for
segmentation of observed actions to guide the learning pro-
cess and capture the semantics of different action classes,
which aids in better anticipating future actions.

Prediction head. Table 4 (d) compares various alterna-
tive prediction heads to our baseline, Q-Act, which uses a
query-based approach with components for actionness, ac-
tion class, and temporal position. We evaluate five query-
based alternatives and one anchor-based method: Q-EOS,
which removes the actionness component and adds an End
of Sequence (EoS) action class; Q-Bckg, which replaces
EoS with a background class; Q-BCE, which adapts Q-Act
by removing the actionness component and using sigmoid
and binary cross-entropy for each class instead of softmax
and cross-entropy; Q-Hung(t) which pairs ground-truth and
predictions based on temporal position using the Hungar-
ian algorithm instead of doing it sequentially; Q-Hung(a),
which pairs based on action classes; and Anchors, as in [43],
where each query is assigned with a temporal position. Ad-
ditional details on these alternative prediction heads can be
found in the supplementary material.

As shown in Tab. 4, Q-Act outperforms Q-EOS, Q-Bckg,
and Q-BCE, highlighting the importance of the actionness
component within the prediction head. This component
simplifies the learning by predicting whether a query con-
tains an action or not independently of its class. For Q-
Hung(t) and Q-Hung(a), performance is better when pairing
predictions and ground-truths based on action classes rather
than temporal position. This makes sense given that the
temporal location is more challenging to anticipate. How-
ever, this pairing does not outperform sequentially pairing
predictions and ground truths. Lastly, using Anchors does
not improve performance, likely due to the similar difficulty
of action localization, as each query in the Anchors predic-
tion head is itself based on a temporal position.

Experiment 0= 2 3 4 5 00 Avg.
FAANTRA 827 14.65 2098 2374 26.01 28.15 20.30
(Ip=4,1p=2, k=15, q=8)
(@ Ilg=2 8.17 1424 19.61 2245 2438 2680 19.28
lg=6 712 12.69 18.05 2125 2274 25.09 17.82
b Ip=4 7.86 1423 1976 2446 2687 27.17 20.06
Ip=6 781 1412 1897 2143 2396 2590 18.70
© k=7 8.66 1513 21.19 23.63 2528 27.75 2027
k=23 870 1472 1946 21.75 23.00 2540 18.84
k=31 777 1355 1834 2098 2249 2496 18.01
Global 633 1228 1842 21.18 23.05 2496 17.70
@ ¢=6 8.18 13.86 1878 21.55 2344 2662 18.74
q=10 8.85 1472 19.92 23.16 2473 2695 19.72
q=12 7.27 1320 18.07 20.63 22.05 2448 17.62
qg=14 732 1339 18.68 21.51 2374 2598 18.44

Table 5. Ablation studies of FAANTRA’s architectural compo-
nents: (a) encoder layers [, (b) decoder layers {p, (c) attention
locality in the encoder k, and (d) number of learnable queries q.

7.3. Model-specific ablations

We ablate four architectural components specific to our
baseline: (a) encoder layers, (b) decoder layers, (c) attention
locality in the transformer encoder, and (d) number of learn-
able queries. As shown in Tab. 5, the optimal number of
encoder and decoder layers is [ = 4 and [p = 2, although
lp = 4 results in comparable performance. The model
performs better with smaller attention neighborhoods, with
k = 7 and k = 15 yielding similar results. In contrast,
more global attention shows no benefit, highlighting the ad-
vantage of starting with more localized attention that can
expand to attend to more distant temporal positions in later
layers. Finally, ¢ = 8 queries appears to be optimal, which
coincides with the maximum number of actions observed
within a T,, = 5 second anticipation window.

8. Conclusion

This work introduced the first video-based action anticipa-
tion task in sports, presenting the SoccerNet Ball Action
Anticipation dataset. Unlike other anticipation datasets, this
task poses an added challenge due to the high spontane-
ity of football, driven by its adversarial nature. To evalu-
ate the task, we adapted the m AP@J metric from action
spotting to the anticipation setting. Additionally, we pro-
posed FAANTRA, the first baseline model for this task,
and compared its performance to an action spotting upper
bound, demonstrating both the feasibility and difficulty of
the problem. Finally, we conducted extensive ablations to
analyze the impact of different task settings, input config-
urations, and model architectures, highlighting the impor-
tance of high spatial resolution and an auxiliary action seg-
mentation task within the context window to capture the se-
mantics of action classes. By publicly releasing the dataset,
baseline, and benchmark, we aim to promote reproducibil-
ity and guide future research in football action anticipation.
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