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Abstract

Group Activity Recognition (GAR) is well studied on the
video modality for surveillance and indoor team sports
(e.g., volleyball, basketball). Yet, other modalities such as
agent positions and trajectories over time, i.e. tracking, re-
main comparatively under-explored despite being compact,
agent-centric signals that explicitly encode spatial inter-
actions. Understanding whether pixel (video) or position
(tracking) modalities leads to better group activity recogni-
tion is therefore important to drive further research on the
topic. However, no standardized benchmark currently exists
that aligns broadcast video and tracking data for the same
group activities, leading to a lack of apples-to-apples com-
parison between these modalities for GAR. In this work, we
introduce SoccerNet-GAR, a novel multimodal dataset cu-
rated from the 64 matches of the football World Cup 2022
by cleaning, synchronizing, and transforming raw broad-
cast video, player tracking, and event annotation sources
into a unified, research-ready benchmark. Specifically, the
broadcast videos and player tracking modalities for 87,939
group activities are synchronized and annotated with 10
categories. Furthermore, we define a unified evaluation
protocol to benchmark two strong unimodal approaches: (i)
competitive video-based classifiers and (ii) tracking-based
classifiers leveraging graph neural networks. In particu-
lar, our novel role-aware graph architecture for tracking-
based GAR directly encodes tactical structure through po-
sitional edges connecting players by their on-pitch roles.
Our tracking baseline achieves T7.8% balanced accuracy
and 57.0% macro F1 compared to 60.9% balanced accu-
racy and 50.1% macro F1 for the strongest video model,
while training with 7x less GPU hours and 479X fewer
parameters (180K vs. 86.3M). This study provides new in-
sights into the relative strengths of pixels and positions for
group activity recognition in sports.
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Figure 1. Overview of Our Group Activity Recognition Bench-
mark. Broadcast video and agent tracking modalities are pro-
cessed through modality-specific backbones. The resulting rep-
resentations are evaluated for group activity recognition.

1. Introduction

Group Activity Recognition (GAR) aims to identify collec-
tive behaviors that arise from multiple interacting agents
rather than isolated individual actions. In team sports, this
task is central to tactical analysis, automated coaching, and
real-time decision support, where understanding both who
acts and how players coordinate over space and time is es-
sential. Effective GAR requires modeling individual dy-
namics together with their spatio-temporal relations at the
scene level. Most contemporary GAR models operate ex-
clusively on RGB video, which offers appearance, context,
and rich semantics. This choice also introduces practical
and methodological limitations such as high computational
cost, sensitivity to occlusions and editorial cuts, and a ten-
dency to over-rely on appearance cues instead of explicitly
modeling interactions. Structured representations based on
agent positions and trajectories promise an alternative rep-
resentation that is compact, agent-centric, and efficient to
process. Because positions abstract away appearance, they
may also generalize better across varying visual conditions.
Progress, however, has been hampered by the absence of a
standardized benchmark that aligns videos and agent posi-
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tions per group activity, making apples-to-apples compar-
isons difficult. Furthermore, it remains unclear which edge
connectivity and temporal pooling strategy are most appro-
priate for tracking based GAR.

In this paper, we address these gaps with a unified dataset

and evaluation protocol for fair cross-modality evaluation.
To do so, we introduce SoccerNet-GAR, a novel multi-
modal dataset and benchmark built from the 64 matches
of the football World Cup 2022 by cleaning, merging, and
aligning raw broadcast video, player tracking, and event
annotation files from PFF FC (now Gradients Sports) into
a synchronized, research-ready benchmark. The resulting
dataset contains 87,939 group activity instances, each pair-
ing broadcast video and agent positions at the event level
across 10 football action classes. To support this new
benchmark, we study two strong unimodal approaches: a
competitive video-based and a novel role-aware tracking-
based classifier leveraging graph neural networks. On the
10-class group activity recognition task, our tracking base-
line achieves 77.8% balanced accuracy and 57.0% macro
F1 vs. 60.9% balanced accuracy and 50.1% macro F1 for
the strongest video baseline, while training 7x faster and
using 479 x fewer parameters.
Contributions. We summarize our contributions as fol-
lows: (i) We present SoccerNet-GAR, a novel multimodal
benchmark we curated from 64 football World Cup matches
by cleaning, merging, and temporally aligning separate raw
files for broadcast video, player tracking, and event anno-
tations. The resulting benchmark provides synchronized
broadcast video and tracking data for 87,939 events across
10 classes, with match-level splits for fair, reproducible
evaluation. (ii) We propose a novel role-aware, graph-
based classifier for GAR from tracking data, where tacti-
cal roles extracted from the source data define the graph
connectivity, and conduct a comprehensive study of spa-
tial connectivity and temporal aggregation design choices.
(iii) We establish a pixels vs. positions benchmark with
identical protocols, report performance and efficiency com-
parisons, and distill practical design principles for tracking-
based GAR. The dataset, protocol, and code is available on
https://github.com/drishyakarki/pixels_vs_positions.

2. Related Work
2.1. Group Activity Recognition

Group Activity Recognition (GAR) studies collective be-
haviors that arise from coordinated interactions among mul-
tiple agents, going beyond single-actor recognition [6].
Early works relied on hand-crafted relational cues and hi-
erarchical temporal models [2, 6, 23]. The field then shifted
toward deep learning approaches with graph-based archi-
tectures that explicitly encode inter-person dependencies
[13, 49, 52], followed by transformer-based methods that

model long-range spatial-temporal relationships through
self-attention [16, 31]. Popular benchmarks include “Col-
lective Activity” and “Volleyball”, which focus on indoor
team sports with controlled camera viewpoints [6, 23]. Con-
temporary methods predominantly operate on RGB clips
using 3D CNNs or vision transformers [37, 39, 42, 43],
often combined with person detection, region pooling, or
attention over actor tokens to model interactions. Recent
work has advanced relational modeling further: higher-
order interactions through factor graphs [46] and bidirec-
tional causality between human relations and human-object
interactions [53]. While these approaches achieve strong
performance, they remain video-centric, and their rela-
tional reasoning is mediated through appearance features
extracted from pixels. Several works explored structured al-
ternatives other than raw videos. Pose- and skeleton-based
approaches explicitly model spatial relationships between
joints and have shown that structured representations can
reduce reliance on background and scene bias while remain-
ing competitive [32, 54]. More broadly, tracking data from
sports analytics systems offers a complementary modality
by providing agent-centric trajectories and role metadata in
a calibrated field coordinate frame, enabling explicit mod-
eling of team structure and inter-agent geometry. Despite
being compact, naturally encoding interactions, and robust
to visual distribution shifts, tracking-based representations
have received limited attention for GAR, and no existing
benchmark evaluates these modalities under synchronized,
comparable conditions. In our work, we address this gap
by providing a fair, apples-to-apples evaluation of unimodal
pixels versus unimodal positions under identical training
protocols and matched event-level synchronization.

2.2. Sports Video & Tracking Analytics

Sports video understanding has advanced significantly with
broadcast analysis spanning many sports including hand-
ball [22], basketball [24], and football [18]. The Soccer-
Net [17] and SoccerNet-v2 [11] datasets established large-
scale benchmarks for action spotting, expanding from 3
to 17 action classes with precise temporal annotations for
every event during a game. Recent extensions include
SoccerNet-v3 [8] with multi-view player localization an-
notations, SoccerNet Ball Action Spotting [10], Soccer-
Net Game State Reconstruction [40], as well as many oth-
ers [9, 15, 29, 38]. In parallel to broadcast video analysis,
structured tracking signals such as agent centroids and tra-
jectories have been widely used in sports analytics for fore-
casting, pass modeling, and event detection [5, 7, 14, 51].
Graph-based methods naturally capture coordinated play by
representing players and the ball as nodes with relational
edges [1, 41, 45, 50]. However, these studies typically ad-
dress trajectory forecasting [50], pass and defensive per-
formance modeling [14, 41], tactical pattern detection [45]
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rather than multi-class group activity recognition under syn-
chronized video-tracking alignment. The closest work is
NETS [21], which recognizes group activities from NBA
tracking data using a Transformer-LSTM architecture, but
it operates on a single modality without a matched video
counterpart for cross-modality comparison. Our work ad-
dresses this gap by proposing the first synchronized dataset
where broadcast video and tracking windows correspond to
the same annotated group activities, and leveraging it to di-
rectly compare pixel-based and position-based representa-
tions under identical evaluation settings.

2.3. Graph and Relational Modeling

Graph neural networks enable relational reasoning for
multi-agent scenes by propagating messages between
agents [4, 20, 27, 47]. When applying such models to
multi-agent activity recognition, two design axes are par-
ticularly consequential: graph connectivity, which deter-
mines how agents exchange information, and temporal ag-
gregation, which governs how frame-level representations
are consolidated into a sequence-level prediction. Edge-
Conv [44] enables learned, adaptive edges through dynamic
neighborhood construction rather than fixed graphs. Train-
ing deeper GCNs has been challenging due to oversmooth-
ing, but DeepGCNs [30] show that residual connections
enable much deeper graph networks. Temporal modules
range from efficient temporal convolutional networks [28]
to recurrent [19] or attention-based aggregators for long-
range context [16]. While GNNs have been applied to
sports tasks such as trajectory forecasting and action rat-
ing [12, 34, 51], prior studies typically fix parts of the mod-
eling pipeline or evaluate on limited data, making it difficult
to extract modality-specific best practices. We complement
this literature with a novel role-aware graph classifier for
tracking-based GAR and conduct ablations across connec-
tivity schemes (fixed, distance-based, positional edges) and
temporal aggregation strategies (pooling, TCN, attention)
to identify which design choices yield optimal accuracy-
efficiency trade-offs.

3. SoccerNet-GAR Dataset

We present SoccerNet-GAR, a new multimodal dataset
for Group Activity Recognition constructed from the 64
matches of the football World Cup 2022 tournament. The
raw data originate from PFF FC [36], which provides broad-
cast videos, player tracking data, and event annotations for
each match. These modalities are distributed as separate
files per match, not directly aligned for computer vision
tasks. We transform this raw sports analytics data into a
structured benchmark suitable for Group Activity Recog-
nition by performing data cleaning, temporal synchroniza-
tion, quality control, and window extraction around anno-
tated events.

3.1. Data Modalities

Our dataset provides two input modalities: broadcast video
and player tracking. Both originate from untrimmed full-
game broadcast videos of the football World Cup 2022
matches, made available through PFF FC.

Video Modality. PFF FC provides the edited broadcast
footage at 720p resolution. Each frame I, € R¥*Wx3 jg
part of a temporal sequence XV = {I;}1_, sampled within
a temporal window. The video captures appearance cues,
scene context, and visual motion patterns.

Tracking Modality. The tracking data consists of 2D
player positions and 3D ball coordinates sampled at 30
fps, automatically extracted from broadcast footage using
computer vision tools and manually refined by PFF FC
annotators. Player positions span € [—60,60lm, y €
[—42, 41]m; ball positions include height z € [—8,25]m.
Formally, the tracking input is represented as a temporal se-
quence of multi-agent states X” = {S;}_;, where each
state Sy = {s},..., s} describes N entities (players and
ball). Each entity state si € RP encodes spatial coordi-
nates (z,y) € R? for players and (z,y,z) € R? for the
ball, its identity, i.e. one-hot encoding indicating entity type,
and motion dynamics, i.e. displacement vectors (Ax, Ay)
capturing movement between consecutive frames. In ad-
dition, PFF FC provides positional role metadata for each
player. We extract these roles and group them into four tac-
tical categories (goalkeeper, defender, midfielder, forward)
that we use as fixed role labels to define graph connectivity.
These role categories are used to define structured connec-
tivity patterns in our role-aware graph model.

3.2. Annotation & Modality Alignment

The PFF FC dataset [36] provides event annotations with
precise timestamps for each action occurrence. Each event
is labeled with one of 10 football group activities (PASS,
TACKLE, OUT, HEADER, THROW IN, CROSS, FREE
KICK, SHOT, GOAL and HIGH PASS) and temporally
marked at the moment of occurrence. Annotations were
created by trained annotators and verified through quality
control procedures by PFF FC using both video and track-
ing views. To create our SoccerNet-GAR dataset, we align
event annotations with both input modalities by merging
them with tracking streams using UTC timestamps. We
then apply three successive filters to ensure data quality:
(1) we remove events where no tracking frame falls within
a 10 ms tolerance of the event timestamp, discarding tem-
porally misaligned entries, (2) we discard events that lack
corresponding data in either modality, ensuring every re-
tained sample has both video and tracking coverage, and
(3) we resolve duplicate labels, where a single timestamp is
annotated with more than one action class (e.g., a goal also
labeled as a shot), by retaining only the most semantically
specific label based on a predefined priority ordering. To-



Dataset Year Domain Events Cls. Mod.
CAD [6] 2009  Pedestrian 2,511 5 A%
Volleyball [23] 2016  Volleyball 4,830 8 A%
SoccerNet [17] 2018  Football 6,637 3 \'%
NBA [48] 2020 Basketball 9,172 9 v
SoccerNet-v2 [11] 2021 Football 110,458 17 v
NETS [21] 2022 Basketball 61,053 3 T
SoccerNet-BAS [10] 2024  Football 11,041 12 A%
Café [25] 2024 Indoor 10,297 6 A%
FIFAWC [35] 2024  Football 5,196 12 A%
SoccerNet-GAR 2026  Football 87,939 10 V+T

Table 1. Comparison of Group Activity Recognition Datasets.
’V’ and "T” indicate Video and Tracking, respectively. SoccerNet-
GAR is the second largest dataset in terms of events and the only
one providing synchronized video and tracking modalities.
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Figure 2. Class Distribution Across Each Split. The dataset
is heavily skewed toward PASS (65.4%) while GOAL and HIGH
PASS are rare (0.2% and 0.1%). The y-axis shows event counts;
percentages denote proportions.

gether, these filters remove 6,346 events (6.8% of the raw
annotations), yielding a final dataset of 87,939 annotated
group activities. For each annotated event at timestamp %,
we extract a temporal window of 4.5 seconds centered at
t. from both modalities, picking 7" = 16 samples at 30
fps with a 9-frame interval (effectively sampled at ~ 3.3
fps over 4.5 seconds), producing synchronized observations
XV = {L;}L | and X = {S;}L_,, labeled with a single
football group activity.

3.3. Statistics

The dataset contains 87,939 annotated events across 10 ac-
tion classes, averaging 1,374 events per match. To avoid
leakage, data were split by match: 45 training matches
(62,159 events, 70.7%), 9 validation matches (12,091
events, 13.7%), and 10 test matches (13,689 events, 15.6%).
Class Distribution. Figure 2 shows the distribution across
classes and splits. Our dataset is highly imbalanced across
classes, with PASS events representing 65.4% of annota-
tions while rare events like GOAL and HIGH PASS account
for only 0.2% and 0.1%. This severe imbalance (646:1 ra-
tio) reflects the natural distribution of football events and
poses significant challenges for recognition models.

Object Visibility and Tracking Quality. The tracking
data maintain high completeness for players (99.9% of
1,485,008 frames contain all 11 players per team) whereas
ball is visible in 93.4% of frames, due to occlusions, cam-
era transitions, and extreme zoom levels. At the event level,
85.9% of annotated events have complete ball tracking
within their temporal window, while the remaining 14.1%
contain at least one frame with missing ball data.

3.4. Comparison with Existing Datasets

Table | compares our dataset with existing Group Activity
Recognition benchmarks. With 87,939 annotated events,
SoccerNet-GAR is the second largest GAR dataset after
SoccerNet-v2 (110,458 events), and substantially larger
than other football datasets: 8x larger than SoccerNet-
BAS (11,041 events) and 16.9x larger than FIFAWC (5,196
events). Our 10 action classes overlap with the 12 classes
in SoccerNet-BAS, covering the same core football events.
SoccerNet-GAR is the only dataset providing synchro-
nized tracking and video modalities for the same action
instances, enabling direct apples-to-apples comparison be-
tween tracking-based and video-based approaches. This
dual-modality design distinguishes our dataset from prior
work such as SoccerNet-v2 [11] and SoccerNet-BAS [10]
which provide only video, while existing tracking datasets
(e.g. NETS [21]) lack corresponding broadcast video.

4. Methodology

4.1. Problem Formulation

We formulate the Group Activity Recognition (GAR) prob-
lem as a multi-class classification task over temporal win-
dows of length 7', centered on annotated event timestamps.
Given input from one modality, either video frames X" =
{I,}1_, or tracking data X* = {S;}1,, the task is to learn
a function fy : X — ) that predicts the activity label
ye ).

4.2. Recognition Framework

Our recognition framework follows a standard backbone-
neck-head architecture [3], where modality-specific back-
bones extract spatial features, the neck temporally aggre-
gates features to capture dynamics, and a classification head
produces final predictions.

Video Backbones. For the video modality, we employ pre-
trained vision transformers [42, 43] that encode spatiotem-
poral information from broadcast footage. Given an input
clip XV = {I,}L_,, the backbone processes each frame I
through transformer layers with self-attention mechanisms,
producing contextualized token embeddings. We extract
frame-level representations z; € R?V at each timestep ¢,
yielding a temporal sequence {z} }7_, for subsequent tem-
poral aggregation.



Tracking Backbone. For the tracking modality, we pro-
pose a graph-based architecture that explicitly models spa-
tial relationships among entities at each timestep. At each
frame ¢, we construct a graph G; = (V;, &;) from the track-
ing data X = {S;}1_,, where nodes V; = {v},..., v}
represent N entities and edges &; encode their spatial inter-
actions. Each node carries an 8-dimensional feature vector
comprising its pitch coordinates (z, y), instantaneous veloc-
ity (Az, Ay), ball height z (zero for players), and a one-hot
indicator of entity type (home, away, ball). A graph neu-
ral network processes these graphs to produce frame-level
embeddings z! € R”.

Classification Task. Given frame-level representations
{z:}L |, the temporal aggregation module synthesizes in-
formation across the observation window to produce a uni-
fied representation Z = fiemp(21, ..., Z7), where fiemp is a
temporal aggregation function. We evaluate various tem-
poral aggregation strategies spanning from parameter-free
pooling operations to learnable sequential models. A Multi-
Layer Perceptron (MLP) maps the aggregated representa-
tion to class logits through a softmax activation. We follow
a standard training protocol across modalities, minimizing
a cross-entropy loss and randomly sampling 4, 000 actions
per class and per epoch to address class imbalance.

4.3. Graph Construction

The edge set &; defines which entities exchange informa-
tion during message passing. We evaluate several connec-
tivity schemes encoding different spatial interaction priors:
no edges (independent node processing), full connectivity
(all nodes linked), distance-based (edges within radius r),
KNN (k nearest neighbors), ball-centric variants of distance
and KNN (anchored on ball position), and our proposed po-
sitional connectivity described below. These variants en-
able identifying which graph topologies effectively capture
coordinated play.

Positional Roles. Our proposed connectivity scheme re-
spects tactical structure based on playing positions. Play-
ers are grouped by role (goalkeeper, defender, midfielder,
forward), as shown in Figure 3, using positional metadata
from the tracking data. Within each team, edges connect ad-
jacent tactical lines (goalkeeper to defenders, defenders to
midfielders, midfielders to forwards), and the ball connects
to all entities when present. This hierarchical connectivity
encodes football-specific knowledge about team formations
and plausible passing lanes.

Missing Data. Missing entities are assigned sentinel coor-
dinates and excluded from graph message passing, allowing
the model to leverage available spatial configurations and
motion patterns even when ball tracking is unavailable.
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Figure 3. Positional Graph Representation at a Single Frame.
Nodes represent players at their pitch coordinates, colored by tac-
tical role (red: goalkeeper, blue: defenders, purple: midfielders,
pink: forwards). Edges follow formation structure, connecting po-
sitionally adjacent roles within each team.

5. Experiments

5.1. Experimental Setup

We benchmark various models on SoccerNet-GAR.
Tracking-based models: As a baseline tracking model,
we employ a 20-layer DeepGCN using GIN [47] layers
with sum aggregation, ReLU, residual connections, and
layer normalization. Each node projects 8-dimensional en-
tity features to a 128-dimensional embedding. Frame-level
graph representations are obtained via mean pooling and
temporally aggregated with MaxPool. Edges follow a po-
sitional role-based scheme connecting players by tactical
roles (goalkeeper, defender, midfielder, forward). The clas-
sifier is a two-layer MLP (hidden dimension 256, output
dimension 10), totaling 180K parameters. Missing entities
use sentinel coordinates (—2.0 after normalization) and are
excluded from graph message passing.

Video-based models:  The best video model is
VideoMAEv2-Base [43], a large transformer pretrained
via masked autoencoding and finetuned end-to-end. The
classifier is a two-layer MLP (hidden dimension 512,
output dimension 10), totaling 86.3M parameters.
Training. Tracking models are trained with Adam [26]
(LR=1073), a ReduceLROnPlateau scheduler, and BS=32.
For the video models, we use AdamW [33] with weight
decay 10~*. Training configurations are defined based on
whether the backbone is frozen or fine-tuned, with batch
sizes chosen to satisfy memory constraints on a single
V100 GPU. Frozen backbones are trained with BS=64 and
LR=10"*. Fine-tuned models are trained with BS=16 and
LR=10"*%, except for VideoMAEv2-B which uses BS=8
and LR=5 x 107°. Weighted random sampling draws
M = 4,000 samples per class per epoch to address class



Modality Params Bal. Acc. F1 Training Backbone Frozen Params Bal. Acc. F1
Video 86.3M 60.9 50.1 28 GPU hours VideoMAE-B v 86.3M 34.6 20.6
Tracking 180K 77.8 57.0 4 GPU hours VideoMAE-B 86.3M 55.2 49.4

Table 2. Best Video vs. Baseline Tracking Model on SoccerNet-
GAR. Tracking outperforms video by 16.9 percentage points in
balanced accuracy and 6.9 percentage points in macro F1 while
having 479 fewer parameters and 7 faster training time.

imbalance. Data augmentation includes team flip, spatial
flips, and temporal jittering for tracking; horizontal flip and
color jitter for video. Gradient clipping (maz_norm = 1.0)
stabilizes training.

Metrics. Following common practices, we report balanced
accuracy (also corresponding to the average per-class recall)
and macro F1 score as primary benchmarking metrics.

5.2. Main Results: Pixels vs Positions

Table 2 presents our primary comparison between the track-
ing and video modalities. Our baseline tracking model (GIN
+ Maxpool + Positional edges) achieves 77.8% balanced ac-
curacy and 57.0% macro F1 using only 180K parameters,
training in approximately 4 hours on a single V100 GPU.
On the other hand, the best video baseline (VideoMAEv2-
B finetuned) achieves 60.9% balanced accuracy and 50.1%
macro F1 but requires 86.3M parameters and 28 GPU hours
of training. The tracking model outperforms the video base-
line by 16.9 percentage points in balanced accuracy and 6.9
percentage points in macro F1 while using 479 x fewer pa-
rameters and training with 7x less GPU hours. This ef-
ficiency stems from the compact representation of track-
ing data, where each frame consists of 23 nodes with 8-
dimensional features, compared to 224 x 224 x 3 RGB ten-
sors per video frame. All tracking results report mean +
standard deviation over 5 random seeds; video results are
from single run due to computational constraints.

Per-class Analysis. Figure 4 compares per-class metrics
for balanced accuracy (per-class recall) and macro F1 (per-
class F1 score) across modalities. Tracking outperforms
video on nine of ten classes, with particularly large mar-
gins on events that occur in characteristic pitch regions
and induce structured player formations: GOAL (73.3% vs
16.7%), HIGH PASS (83.3% vs 41.7%), TACKLE (54.0%
vs 32.2%), and OUT (94.2% vs 75.8%). Video shows
a slight advantage only on HEADER (66.3% vs 65.2%).
TACKLE remains challenging for both modalities (54.0%
tracking, 32.2% video), as tackles involve rapid, localized
interactions between two players that are difficult to dis-
tinguish from other close-contact situations in either rep-
resentation. Both modalities exhibit confusion between
PASS with FREE KICK (498 and 470 misclassifications of
FREE KICK as PASS respectively for the tracking and video

86.3M 49.3 30.7

X
VideoMAEv2-B v
X 86.3M 60.9 50.1

VideoMAEv2-B

Table 3. Video Backbone Ablation. Finetuning yields substantial
gains for both backbones, with VideoMAE showing the largest
improvement (+20.6%). VideoMAEv2-B achieves the best per-
formance across both frozen and finetuned regimes.

modality), likely because both involve a single player initi-
ating ball distribution from a stationary position, producing
similar spatial configurations despite the visual distinction
of a set-piece setup. Similarly, PASS and TACKLE as well
as TACKLE and HEADER exhibit similar inter-class con-
fusion for both modalities. Finally, the results for GOAL
(30 test samples) and HIGH PASS (12 test samples) demon-
strate that tracking models can learn discriminative features
even in severely data-scarce regimes (73.3% and 83.3% re-
spectively), whereas video models collapse on these classes
(16.7% and 41.7%).

5.3. Ablation Studies

We evaluate design choices for both modalities. For track-
ing, we compare graph layer types, temporal aggregation
strategies, and edge connectivity. For video, we compare
different backbone architectures, frozen and finetuned.
Video Backbone Variants. Table 3 compares two video-
pretrained backbones, VideoMAE-B and VideoMAEv2-B,
under two training regimes: frozen backbone with a train-
able classification head versus full end-to-end finetuning.
Among frozen backbones, VideoMAEvV2-B performs best
(49.3%), compared to VideoMAE-B (34.6%). Finetuning
substantially improves both models: VideoMAE-B gains
+20.6 pp (34.6% — 55.2%) and VideoMAEv2-B gains
+11.6 pp (49.3% — 60.9%). VideoMAEv2-B consistently
achieves the best performance across both regimes, likely
due to its larger and more diverse pretraining data compared
to VideoMAE-B.

Graph Layer Variants. Table 4 compares six graph convo-
Iutional operators with MaxPool temporal aggregation and
positional edges in 20-layer DeepGCN architectures with
residual connections and layer normalization. GIN achieves
the highest balanced accuracy (77.8 +0.7%, 180K parame-
ters), very similar to GraphConv (76.3 + 1.1%, 174K). The
near-identical performance suggests that positional edge
structure provides most of the discriminative signal, with
the choice of message-passing operator having minimal im-
pact. More expressive operators underperform: EdgeConv
(55.6 £12.1%) and GATV2 (61.8 = 5.4%) show both lower
accuracy and higher variance. GEN (72.8%) and Graph-



TRACKING (Predicted) VIDEO (Predicted)
Class # P T o H TI (o} FK S G HP P T o H TI (o} FK S G HP
Pass 9,009 waell*l 364 195 167 498 (1Y 585 170 419 150 470
Tackle 1,690 295 912 171 169 463 545 442
Out 884 833 670
Header 867 152 565 156 575
Thlr:‘” 392 330 308
]
2 Cross 347 301 268
-
o Free
3 Kick 272 246 216
=
Shot 186
Goal 30
High
Pass 2
Bal. Acc. 81.1 54.0 94.2 65.2 84.2 86.7 90.4 76.3 73.3 83.3 77.6 32.2 75.8 66.3 78.6 77.2 79.4 63.4 16.7 41.7
F1 88.9 59.1 814 61.9 77.1 75.4 60.3 58.4 47.0 15.6 83.5 36.8 70.4 48.4 68.3 63.3 41.0 49.7 16.7 23.3

Figure 4. Confusion Matrices and Per-class Metrics for our Baseline Tracking (GIN + MaxPool + Positional) and the Best Video
(VideoMAEV2-B Finetuned) Models. Green cells indicate the best modality per action class. Tracking dominates on 9 of 10 classes in
balanced accuracy, with its largest gains on less occurring classes like GOAL (4-56.7 pp), and HIGH PASS (+41.7 pp).

Backbone Params Bal. Acc. F1

GraphConv 174K 76.3+1.1 56.5 £ 1.8
EdgeConv 174K 55.6 £12.1 35.3+11.9
GATV2 177K 61.8 5.4 42.7+4.5
GIN 180K 778+07 57.0+0.9
GEN 341K 72.8 £3.0 54.7 £ 3.1
GraphSAGE 421K 759+ 1.1 56.9 £ 1.7

Table 4. Graph Layer Ablation. All models use temporal max-
pool and positional edges. We report mean =+ std over 5 seeds.
GIN achieves the highest balanced accuracy and macro F1 with
the lowest variance across both metrics (bold). GraphConv and
GraphSAGE perform comparably but with higher variance.

SAGE (75.9%) are competitive but require, respectively,
1.9% and 2.3x more parameters. GIN and GraphSAGE
also achieve the best F1 (57.0% and 56.9%) with the lowest
variance across both metrics for GIN, confirming its suit-
ability as a strong tracking baseline.

Edge Connectivity. Table 5 compares seven connectivity
patterns with GIN layers and MaxPool aggregation. Po-
sitional edges achieve the best balanced accuracy (77.8 &
0.7%) and F1 (57 40.9%), with the lowest variance on both
metrics. No-edges processing (68.9 + 2.7% balanced accu-
racy, 47.0 & 3.1% F1) performs comparably to alternatives,
confirming that message passing with poorly chosen edges
provides little benefit over independent node processing.
All geometric patterns cluster between 66.7%—77.8% bal-
anced accuracy, suggesting that unrestricted or proximity-

Edge Type Params Bal. Acc. F1

No Edges 180K 68.9+2.7 47.0+£3.1
Fully Connected 180K 714+£24 498+£1.6
Ball Distance (r = 20m) 180K 68.6+1.0 453+1.3
Ball KNN (k = 8) 180K 67.0+0.9 459+1.0
Distance (r = 15m) 180K 68.0+1.1 454413
KNN (k = 8) 180K 66.7+1.4 46.4+1.6
Positional 180K 77.8+0.7 57.0+0.9

Table 5. Edge Connectivity Ablation. All models use GIN back-
bone and temporal MaxPool. We report mean =+ std over 5 seeds.
Positional edges substantially outperform all alternatives in both
metrics, leading the second-best edge type (Fully Connected) by
+6.4% in balanced accuracy and +7.2% in F1.

Temporal Params  Bal. Acc. F1

AvgPool 180K 66.6£0.9 425+15
MaxPool 180K 77807 57.0+0.9
Attention 197K 77.3+0.9 583+1.2
TCN 205K 75.5+0.3 58.4+0.6
BILSTM 350K 75.3+2.6 57.9+1.0

Table 6. Temporal Aggregation Ablation. All models use GIN
backbone and positional edges and we report mean =+ std over 5
seeds. MaxPool achieves the highest balanced accuracy (77.8%)
while Attention and TCN achieve higher macro F1 (58.3% and
58.4%). The strong MaxPool performance indicates that simple
temporal pooling remains competitive with learnable alternatives.

based edges dilute the discriminative structure that posi-



tional connectivity preserves.
Temporal Aggregation. Table 6 further extends our base-
line model with more advanced temporal aggregation strate-
gies still using GIN layers and positional edges over the 4.5-
second observation window at the cost of higher number of
parameters. MaxPool achieves the highest balanced accu-
racy (77.8 + 0.7%, 180K parameters), outperforming the
learnable alternatives: Attention (77.3+£0.9%, 197K), TCN
(75.5 £ 0.3%, 205K), and BiLSTM (75.3 + 2.6%, 350K),
while AvgPool lags behind (66.6 & 0.9%, 180K).
However, TCN, Attention, and BiLSTM yield slightly
higher macro F1 scores (58.4%, 58.3% and 57.9% vs.
57.0%), suggesting that learnable temporal modules bet-
ter balance per-class recall despite lower overall balanced
accuracy. We retain MaxPool as the default temporal ag-
gregation for its simplicity, parameter efficiency, and strong
balanced accuracy. Nonetheless, the competitive F1 gains
from learnable modules indicate that the tracking modality
backbone has room for improvement. Exploring more ex-
pressive temporal and spatio-temporal architectures inter-
twining the tracking backbone encoders with the temporal
neck represents a promising direction for future work.

6. Analysis

Model Parameters vs. Balanced Accuracy. Figure 5
compares parameter efficiency across all evaluated mod-
els. Tracking models achieve 55.6%—77.8% balanced ac-
curacy with 174K-421K parameters, while video models
span 34.6%—60.9% with 86.3M parameters. Tracking mod-
els exhibit clear clustering by component type. Backbone
variants span 174K-421K parameters with 55.6%—77.8%
accuracy, where GraphSAGE (421K) uses 2.3x more pa-
rameters than GIN (180K) but underperforms by 1.9%.
Temporal aggregation methods range from 180K to 350K
parameters with 66.6%—77.8% accuracy, where MaxPool
(180K) achieves the highest accuracy at 77.8%, surpass-
ing BiLSTM (350K, 75.3%) despite using nearly half the
parameters. Video models cluster at ~86.3M parameters
with accuracy varying by 26.3 percentage points (34.6%—
60.9%). This large spread stems from pretraining strategy
and frozen vs. finetuned regimes rather than architectural
differences. VideoMAEvV2-B frozen (86.3M, 49.3%) and
VideoMAE frozen (86.3M, 34.6%) have identical parame-
ter counts but differ by 14.7 percentage points in accuracy,
demonstrating that parameter count alone does not deter-
mine performance for video models.

7. Conclusion

We introduced SoccerNet-GAR, a novel dataset and bench-
mark for group activity recognition that aligns broadcast
video with tracking data for 87,939 football events across
10 action classes. On this benchmark, our baseline track-

| Attention |
8ol GIN + MaxPool
GraphConv | if B&————{ GraphSAGE |

X 70{ (TN ,\ | BiLSTM
> | GEN | | VideoMAEV2 |
g 60
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Figure 5. Balanced Accuracy vs. Parameter Count. Tracking
models (174K-421K parameters) consistently outperform video
models (86.3M parameters) in balanced accuracy despite using
200-496 x fewer parameters, highlighting that lightweight graph-
based representations of player dynamics capture more discrimi-
native signal for group activity recognition than large-scale video
encoders.

ing model reaches 77.8% balanced accuracy and 57.0%
macro F1 with 180K parameters, while the best video model
reaches 60.9% balanced accuracy and 50.1% macro F1
with 86.3M parameters. Tracking therefore improves per-
formance by 16.9 and 6.9 percentage points, while using
479x fewer parameters and training 7x faster. Our abla-
tion studies demonstrate that domain-informed graph con-
struction (positional edges encoding tactical structure) sub-
stantially outperforms geometric proximity patterns in both
balanced accuracy and macro F1, and that exploring more
expressive temporal architectures represent a promising di-
rection for future work. Tracking excels on spatially dis-
tinctive events (OUT, CROSS, GOAL) but slightly struggles
with HEADER, where video outperforms by +1.1 pp. Fur-
thermore, tracking models can learn discriminative features
even in severely data-scarce regimes, whereas video models
collapse. These findings indicate that explicit spatial rela-
tionships provide stronger signal than appearance cues for
recognizing coordinated actions in sports. The complemen-
tary failure modes across modalities motivate future work
on multimodal fusion, alongside dynamic role assignment,
spatio-temporal backbone-neck modeling and causal (past-
only) temporal windows for online deployment. We will
release the dataset, code, and evaluation protocol.
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Figure 6. Video vs Tracking Input for a SHOT Event. Top: broadcast frames at four timesteps showing camera motion and partial
field coverage. Bottom: synchronized tracking data on a standardized pitch, providing complete spatial context for all players regardless

of camera position.

8. Visualization of data synchronization

Figure 6 illustrates the two input modalities for a SHOT
event at match time 04:02. The top row shows four broad-
cast frames sampled at timesteps ¢ € {0,5,10, 15} within
the observation window. The camera pans and zooms to fol-
low the play, introducing viewpoint changes, partial occlu-
sions, and background clutter that the video encoder must
contend with. The bottom row shows the corresponding
tracking data projected onto a standardized pitch template,
where red and blue markers denote players from opposing
teams and the purple marker indicates the ball position. The
tracking representation abstracts away visual noise and cap-
tures the spatial configuration of all 22 players in a canon-
ical coordinate frame, making tactical patterns such as de-
fensive compactness and attacking movement directly read-
able. This example highlights a key advantage of tracking
modality: while the broadcast view loses several players
outside the frame at each timestep, the bird’s-eye tracking
view preserves the full team-level spatial context through-
out the observation window.

9. Data scaling

Figure 7 shows performance versus training set size for
both modalities, using GIN + MaxPool + Positional edges
for tracking and VideoMAEv2-B finetuned for video (mean
over 5 seeds for tracking). Tracking achieves 67.0% with
only 5 matches and plateaus around 35 matches (78.5%),
while video achieves 41.6% with 5 matches and also
plateaus around 35 matches (62.4%), after which both
modalities fluctuate slightly. The gap narrows from 25.4%
at 5 matches to 16.1% at 35 matches, indicating that video
benefits more from additional data but remains substantially
behind. Tracking maintains superior performance across
all data regimes, suggesting that structured positional rep-
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Figure 7. Performance vs. Number of Training Matches for
Video and Tracking Modalities. Both modalities plateau around
= 35 matches, but tracking reaches strong performance (67.0%)
with as few as 5 matches, whereas video starts at 41.6%. The gap
narrows from 25.4% (5 matches) to 16.1% (35 matches).

resentations require less training data to reach strong per-
formance.
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