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Abstract

Sport classification is commonly studied from RGB video, but multi-player trajectories also provide a
compact representation of movement, spacing, and interaction patterns. This paper investigates sport
classification in a trajectory-only setting and introduces a set-over-time formulation for multi-player
inputs. Each clip is represented as a sequence of frames, where each frame contains an unordered
set of visible player trajectories, and the method is evaluated on a four-sport classification task built
from MultiSports actor tubes. The proposed model first encodes the player set in each frame with
permutation-invariant aggregation and then performs temporal aggregation for clip-level prediction.
This design preserves frame-level multi-player structure before temporal summarization. Experiments
compare the proposed approach with three compact trajectory baselines: mean pooling, mean-plus-
standard-deviation pooling, and GRU-based aggregation. The proposed model achieves the best
validation macro-F1 of 0.8793 and test macro-F1 of 0.8614, outperforming the strongest baseline by
0.0386 test macro-F1. Ablation results further show that entity weighting, temporal variability model-
ing, time attention, and the joint use of position and motion cues all contribute to performance. Error
analysis indicates that trajectory-only recognition is effective, but confusion remains among team
sports with partially similar collective motion patterns. Overall, the results show that set-over-time
aggregation is an effective approach for sport classification from multi-player trajectories.

Keywords: sport classification, multi-player trajectories, set-over-time aggregation, permutation-invariant
modeling

1 Introduction

Sport classification is commonly studied from
RGB video, where models rely on appearance,
scene context, and temporal dynamics. However,
in many sports, an important part of clip seman-
tics is also encoded in how multiple players
are spatially arranged and how their movement
evolves collectively over time. This motivates the
use of multi-player trajectories as a compact rep-
resentation that emphasizes motion, spacing, and

interaction while reducing reliance on texture and
background cues.

A key challenge is that the visible players
in each frame do not form an ordered sequence.
Instead, they constitute an unordered set whose
size may vary because of occlusion, truncation,
and tracking quality. Standard temporal models
such as GRU, LSTM, and Bi-LSTM are effec-
tive for sequence modeling [1–3], but they do
not resolve the permutation ambiguity within
each frame. For this reason, permutation-invariant

1



aggregation is a more suitable inductive bias for
frame-level player observations, as also suggested
by prior work on set encoding and sports context
modeling [4, 5].

Trajectory-based representations have shown
value in sports analytics and related multi-agent
problems, including ball inference, forecasting,
and interaction modeling [5–10]. Nevertheless,
direct sport classification from multi-player tra-
jectories remains relatively underexplored, partic-
ularly under a formulation that explicitly respects
the unordered structure of within-frame player
observations.

Motivated by this gap, this paper studies
sport classification from multi-player trajectories
using a set-over-time formulation. The proposed
model first encodes the unordered player set in
each frame through permutation-invariant aggre-
gation and then summarizes the resulting frame
sequence temporally. A four-sport trajectory clas-
sification task is constructed from MultiSports
actor tubes [11] to evaluate this design. The model
is compared against compact trajectory base-
lines based on mean pooling, mean-plus-standard-
deviation pooling, and GRU-based aggregation.
Results show that preserving frame-level multi-
player structure before temporal summarization
leads to stronger sport discrimination from trajec-
tories alone. Ablation analyses further confirm the
importance of entity weighting, temporal variabil-
ity modeling, time attention, and the joint use of
position and motion cues.

2 Related Work

2.1 Trajectory modeling in sports

and multi-agent scenes

Trajectory learning has been widely studied
in multi-agent environments because trajectories
encode interaction, intent, and scene dynamics
in a compact form. In sports analytics, Kim et
al. showed that multi-agent player context can
improve ball trajectory inference through set-
based context encoding and hierarchical tempo-
ral modeling [5]. TranSPORTmer further demon-
strated that unified transformer-style modeling
can support forecasting, imputation, and state
understanding for multi-agent sports trajectories

[6]. These studies show that trajectory-first mod-
eling is useful for sports reasoning, but they do
not directly address clip-level sport classification.

Beyond sports, several influential methods
addressed human and agent trajectories in
social settings. Social LSTM introduced recur-
rent interaction modeling through pooled neigh-
boring trajectories, Social GAN combined tra-
jectory prediction with adversarial training for
socially acceptable forecasts, and Trajectron/Tra-
jectron++ extended trajectory reasoning with
graph-structured and probabilistic formulations
[7–10]. Although these approaches were not
designed for sport recognition, they highlight the
importance of multi-agent context and variable-
size interaction structure. The setting studied here
differs in that it focuses on clip-level sport classi-
fication and emphasizes a compact representation
that preserves within-frame structure before tem-
poral aggregation.

2.2 Set-based and sequence-based

modeling for unordered player

observations

A key difficulty in this problem is that the vis-
ible players within a frame form an unordered
set. Any arbitrary player ordering can change
across clips or even between adjacent frames, mak-
ing order-sensitive encoders brittle. Permutation-
invariant processing and symmetric aggregation
over unordered observations have proved effective
in point-set learning and sports context mod-
eling, as illustrated by PointNet and set-based
ball-trajectory inference [4, 5]. These ideas offer a
principled alternative to imposing a fixed player
order.

Temporal modeling remains essential because
sport identity is expressed over time. Recurrent
units such as LSTM, GRU, and Bi-LSTM are
standard tools for sequence learning [1–3]. In
video understanding, stronger temporal or global
aggregation has been explored through segmental
modeling, non-local operations, action transform-
ers, hierarchical transformers, and self-supervised
video encoders [12–16]. The proposed formulation
connects these two lines of work: each frame is
first treated as a set of players, and only then
is temporal aggregation applied across frame-level
embeddings. Compared with sequence-first base-
lines, this design keeps the representation aligned
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with the unordered nature of within-frame player
observations.

2.3 Sports video benchmarks and

relation to the present setting

A large body of work on action and sports under-
standing has been driven by RGB video bench-
marks and increasingly powerful video backbones.
Datasets such as FineGym, SoccerNet, SoccerNet-
v2, and MultiSports have supported progress
in fine-grained sports analysis and sports event
understanding [11, 17–19]. Corresponding model
families include ResNet-style CNNs, C3D, Tempo-
ral Segment Networks, I3D, SlowFast, Non-local
Networks, Swin Transformer, and VideoMAE [12,
13, 15, 16, 20–23]. Sports video pipelines that pro-
duce player tubes also rely on detection and track-
ing components, where Faster R-CNN, YOLO,
DETR, SORT, and ByteTrack are representative
building blocks [24–28]. These methods substan-
tially improved appearance-rich video recognition
and visual localization.

This work is related to this literature only in
the sense that it uses sports video annotations
as a source of trajectory data. The focus here is
not to compete with RGB video models, but to
study what can be recognized from player trajec-
tories alone. MultiSports is therefore used as an
evaluation source for constructing a trajectory-
only four-sport classification task, while the main
contribution remains the set-over-time modeling
formulation rather than the benchmark itself.

3 Methodology

Figure 1 summarizes the proposed pipeline,
from trajectory clip construction to set-over-time
encoding and final sport prediction.

3.1 Problem formulation

Given a trajectory clip, the goal is to predict its
sport label from multi-player motion alone. Each
clip is represented as a variable-length sequence of
frames, and each frame contains a variable number
of visible players. Let

X = {St}
T

t=1 , St = {xt,p}
Pt

p=1 , (1)

where St is the set of player observations at frame
t, Pt is the number of valid entities in that frame,

Fig. 1 Overview of the proposed set-over-time trajectory
classification pipeline.

and xt,p ∈ R
D is the feature vector of entity p. In

this implementation, D = 12. The classification
target is a four-way sport label

y ∈ {aerobic gymnastics, volleyball,

football, basketball}.
(2)

The key modeling issue is that players within
a frame do not form a naturally ordered sequence.
Each frame is therefore modeled as an unordered
set and each clip as a sequence of sets. This moti-
vates a set-over-time architecture: permutation-
invariant aggregation is applied over players
within each frame, and temporal aggregation is
applied only afterward across frame-level embed-
dings, following the general rationale of set-based
modeling for unordered observations [4, 5].

3.2 Trajectory sample construction

The trajectory classification task is derived from
the dense actor tubes provided by MultiSports
[11]. Each training sample is built from one anchor
tube and a small set of temporally overlapping
context tubes from the same video. The anchor
tube defines the time axis of the sample, and all
context entities are aligned to the anchor frames.
This gives a clip-level representation that pre-
serves the motion of the primary actor while
retaining nearby multi-player context.
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For each anchor tube, up to Pmax − 1 addi-
tional context tubes with the largest temporal
overlap with the anchor are selected. In the exper-
iments, Pmax = 8, so each sample contains at
most one anchor entity and seven context enti-
ties. Samples shorter than 12 frames are discarded.
This procedure converts the original actor-tube
annotations into a trajectory-only sport classifica-
tion task in which each clip is a tensor of shape
T ×P ×D together with validity masks over time
and entities.

3.3 Per-entity trajectory features

For each valid player box at frame t, a 12-
dimensional feature vector is extracted

xt,p = [x1, y1, x2, y2, cx, cy, w, h, vx, vy, s, a]. (3)

The first eight components describe box geometry:
top-left and bottom-right coordinates, center loca-
tion (cx, cy), width w, and height h. The motion
terms are computed along the anchor-aligned
timeline as

vx = c(t)x − c(t−1)
x ,

vy = c(t)y − c(t−1)
y ,

s =
√

v2x + v2y.

(4)

and the area term is defined as

a = w · h. (5)

If an entity is not visible at a particular
anchor frame, its feature vector is zero padded and
excluded from aggregation through a binary valid-
ity mask mt,p ∈ {0, 1}. This representation lets
the model use both spatial configuration and tem-
poral dynamics while remaining compact and fully
trajectory-based. The ablation study also evalu-
ates two restricted feature groups: position-only
features (cx, cy, w, h) and motion-only features
(vx, vy, s).

3.4 Set-over-time trajectory encoder

The proposed model first encodes the unordered
player set within each frame and then aggregates
the resulting frame embeddings over time. Given
an entity feature vector xt,p, an MLP encoder ϕ(·)
produces a hidden representation

ht,p = ϕ(xt,p). (6)

Frame-level set encoding.

To allow different entities to contribute unequally,
an entity importance score is computed

et,p = sent(ht,p), (7)

mask invalid entities, and normalize the remaining
scores with a softmax over players:

αt,p =
mt,p exp(et,p)

∑

j mt,j exp(et,j)
. (8)

Using these weights, a permutation-invariant
weighted set mean is formed

µ
E
t =

∑

p

αt,pht,p, (9)

and a weighted set standard deviation

σ
E
t =

√

∑

p

αt,p

(

ht,p − µ
E
t

)2
. (10)

The final frame embedding is obtained by concate-
nating these two statistics and projecting them
with another MLP ρ(·):

gt = ρ
(

[µE
t ,σ

E
t ]
)

. (11)

Temporal aggregation.

The sequence of frame embeddings {gt}
T
t=1 is

then aggregated over time. A temporal score is
computed for each valid frame,

ut = stime(gt), (12)

and apply a masked softmax to obtain temporal
weights

βt =
τt exp(ut)

∑

k τk exp(uk)
, (13)

where τt ∈ {0, 1} indicates whether frame t is valid
in the padded batch. The clip-level temporal mean
and standard deviation are

µ
T =

∑

t

βtgt, (14)

σ
T =

√

∑

t

βt (gt − µT )
2
. (15)
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Algorithm 1 Set-over-Time trajectory classifica-
tion

Require: trajectory clip X = {St}
T
t=1, entity

masks {mt,p}, frame masks {τt}
1: for t = 1 to T do

2: for each valid entity p in frame t do

3: Encode entity feature: ht,p ← ϕ(xt,p)
4: Compute entity score: et,p ← sent(ht,p)
5: end for

6: Normalize masked entity scores to obtain
αt,p

7: Compute weighted set statistics µ
E
t and

σ
E
t

8: Form frame embedding gt ← ρ([µE
t ,σ

E
t ])

9: end for

10: for t = 1 to T do

11: Compute temporal score ut ← stime(gt)
12: end for

13: Normalize masked temporal scores to obtain
βt

14: Compute temporal statistics µT and σ
T

15: Form clip embedding z← [µT ,σT ]
16: Predict sport label ŷ ← Classifier(z)

The final clip embedding is

z = [µT ,σT ], (16)

which is fed to a classification head to predict the
sport label.

This design has two advantages for this task.
First, the frame encoder is permutation invari-
ant with respect to player order, which matches
the structure of multi-player observations and
is consistent with prior set-based encoders for
unordered inputs [4, 5]. Second, the model pre-
serves frame-level context before temporal sum-
marization, unlike sequence-first baselines that
average player information too early.

3.5 Training objective and analysis

variants

The model is trained with standard cross-entropy
loss over the four sport classes:

Lcls = −
4

∑

c=1

yc log ŷc. (17)

Variable-length clips and different numbers of
entities are handled by zero padding together
with temporal and entity masks, ensuring that
padded positions do not affect any set or temporal
aggregation step.

For comparison, three trajectory baselines
are evaluated: mean pooling, mean-plus-standard-
deviation pooling, and a GRU-based temporal
model [2]. All three baselines first collapse the
entity dimension by simple averaging and then
differ only in the way they summarize the result-
ing frame sequence. Five ablation variants of the
proposed model are also defined: without entity
weighting, without temporal standard deviation,
without time attention, position-only input, and
motion-only input. These variants are used to test
whether the gains come from the set-over-time
formulation itself or from specific design choices
inside the model.

4 Experiments and Results

4.1 Experimental Setup

The proposed set-over-time formulation is eval-
uated on the four-sport trajectory classification
task described in Section 3.2. The task is built
from MultiSports actor tubes [11] and contains
four sport categories: aerobic gymnastics, volley-
ball, football, and basketball. The resulting split
contains 11,671 training clips, 2,030 validation
clips, and 4,786 test clips. The test set is moder-
ately imbalanced, with 1,400 aerobic gymnastics
clips, 1,155 volleyball clips, 1,289 football clips,
and 942 basketball clips.

The proposed model is compared against
three compact trajectory baselines: mean pool-
ing, mean-plus-standard-deviation pooling, and a
GRU-based temporal model [2]. All methods use
the same trajectory samples and the same per-
entity features described in Section 3.3. In the
implementation, clips are trained for 18 epochs
with batch size 32, hidden dimension 128, dropout
0.2, learning rate 10−3, and weight decay 10−4.
Both classification accuracy and macro-F1 are
reported. Because the class frequencies are not
perfectly balanced, macro-F1 is treated as the
primary reporting metric. Best checkpoints are
selected by validation accuracy, with validation
macro-F1 used as a tie-breaker.
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Fig. 2 Validation macro-F1 comparison for the main mod-
els.

4.2 Main Comparison Results

Table 1 summarizes the main comparison.
The proposed set-over-time model achieves the
strongest results on both validation and test sets,
reaching a validation macro-F1 of 0.8793 and
a test macro-F1 of 0.8614. The best baseline
is mean-plus-standard-deviation pooling, which
achieves a test macro-F1 of 0.8227. The absolute
gain of the proposed model over this strongest
baseline is therefore 0.0386 test macro-F1, indi-
cating that preserving frame-level multi-player
structure before temporal aggregation is beneficial
for sport classification from trajectories alone.

Figure 2 provides a validation macro-F1 com-
parison across the four methods. The ranking is
consistent with the table, with the proposed model
clearly outperforming the simpler pooling base-
lines and the GRU baseline. This pattern suggests
that a sequence-only formulation is not sufficient
by itself; the representation also benefits from
modeling the within-frame player collection as an
unordered set, which is consistent with prior work
on permutation-invariant set encoding [4, 5].

The learning curves in Figure 3 show that the
proposed model converges stably. Training loss
decreases steadily, while validation macro-F1 rises
rapidly during the early epochs and reaches its
best value around epoch 15. After that point, the
validation curves become slightly more oscillatory
while the training objective continues to improve,
suggesting mild overfitting in later epochs. Even
so, the overall optimization behavior remains sta-
ble and leads to the best generalization among all
compared methods.

4.3 Ablation Study

The contribution of the main architectural compo-
nents is further analyzed through ablation experi-
ments. Table 2 reports the core architecture abla-
tions, where the full model is compared with vari-
ants that remove entity weighting, temporal stan-
dard deviation, or time attention. In this separate
ablation run, the full model achieves the best test
macro-F1 of 0.8679. Removing temporal standard
deviation reduces test macro-F1 to 0.8573, and
removing entity weighting reduces it to 0.8608.
These drops indicate that both reliability-aware
set aggregation and temporal variability cues con-
tribute to the final representation. The variant
without time attention obtains 0.8628 test macro-
F1, showing that emphasizing informative time
steps also provides a measurable benefit.

The feature-group ablation in Table 3 fur-
ther shows that neither positional features alone
nor motion features alone are sufficient. Both the
position-only and motion-only variants collapse to
a test macro-F1 of 0.1061, far below the full model.
Their identical results further suggest a degener-
ate single-class solution, indicating that neither
cue alone provides sufficient discriminative infor-
mation for this task. This result highlights that
the task depends on the interaction between spa-
tial configuration and temporal dynamics rather
than on either source of information in isolation.

Overall, the ablation study supports the design
choice of combining entity weighting, temporal
dispersion modeling, time attention, and joint
position–motion features in a unified set-over-time
architecture.

4.4 Error Analysis

Figure 4 shows the test confusion matrix of
the proposed model. The easiest class is aer-
obic gymnastics, for which the model correctly
recognizes 1320 out of 1400 test clips. Football is
also recognized reliably, with 1215 correct predic-
tions out of 1289. By contrast, volleyball is the
most difficult class, with 876 correct predictions
out of 1155. Basketball lies in between, with 754
correct predictions out of 942. The largest confu-
sions occur between volleyball and football, and
between basketball and volleyball. In particular,
172 volleyball clips are misclassified as football,
157 basketball clips are misclassified as volleyball,
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Table 1 Main comparison on the four-sport trajectory classification task.

Model Best Epoch Val Macro-F1 Test Macro-F1 Test Acc

Mean pooling 7 0.7517 0.6609 0.6732
GRU 18 0.7975 0.7422 0.7443
Mean+Std pooling 18 0.8432 0.8227 0.8282
Proposed 15 0.8793 0.8614 0.8702

Fig. 3 Training dynamics of the proposed model. Left: loss curves. Right: macro-F1 curves.

Table 2 Core ablation results for the proposed architecture.

Variant Best Epoch Test Macro-F1 Test Acc

w/o entity weighting 12 0.8608 0.8711
w/o temporal std 18 0.8573 0.8644
w/o time attention 11 0.8628 0.8709
Full model 17 0.8679 0.8761

Table 3 Feature-group ablation results.

Variant Best Epoch Test Macro-F1 Test Acc

Position only 1 0.1061 0.2693
Motion only 1 0.1061 0.2693
Full model 17 0.8679 0.8761

and 102 volleyball clips are misclassified as bas-
ketball. This pattern suggests that team sports
with partially similar collective motion patterns
remain harder to separate than highly distinc-
tive motion classes such as aerobic gymnastics. It
also indicates that further gains may come from
stronger modeling of inter-player coordination and
finer temporal structure in ambiguous team-sport
clips, as explored more broadly in recent sports
and multi-agent trajectory models [5, 6].

5 Discussion

The results indicate that the main advantage of
the proposed approach comes from matching the
model structure to the data structure. In this task,

the informative unit at each time step is not an
ordered list of players but a multi-player configu-
ration. Treating frame observations as sets before
temporal aggregation therefore preserves interac-
tion context that would otherwise be weakened by
early pooling or sequence-first modeling. The gain
over compact baselines suggests that sport iden-
tity in trajectory-only settings is carried not only
by average movement, but by how player configu-
rations are organized and evolve collectively over
time.

The ablation study further clarifies that the
improvement is not attributable to a single design
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Fig. 4 Test confusion matrix of the proposed model.

choice. Entity weighting helps the model sup-
press less informative or noisier player observa-
tions, which is especially useful when visibility
and tracking quality vary across clips. Tempo-
ral variability modeling contributes because sports
are distinguished not only by typical positions or
motion magnitudes, but also by how stable or
dynamic these patterns remain across a clip. Time
attention provides an additional benefit by empha-
sizing moments in which class-specific motion
structure is most visible. Taken together, these
findings suggest that trajectory-based sport clas-
sification benefits from jointly modeling salience,
variability, and temporal importance rather than
relying on a single pooled descriptor.

The remaining errors are also informative.
Most confusions occur among volleyball, football,
and basketball, which implies that trajectory-only
representations capture broad collective motion
structure well, but are less sufficient when different
team sports exhibit partially similar short-term
spatial layouts or transition patterns. In contrast,
aerobic gymnastics is easier to separate because
its movement organization is more distinctive.
This pattern suggests that the current model is
effective for compact motion-based recognition,
but that further gains for closely related team
sports will likely require richer interaction model-
ing or multimodal cues such as court context, ball
information, or appearance features.

6 Conclusion

This paper studied sport classification from multi-
player trajectories in a trajectory-only setting.
Using a four-sport benchmark derived from Mul-
tiSports actor tubes, this study introduced a
compact set-over-time architecture that treats the
visible players in each frame as an unordered set
before temporal aggregation.

The proposed model achieved the best overall
performance among the compact trajectory base-
lines and the ablation results confirmed the benefit
of entity weighting, temporal variability model-
ing, time attention, and the joint use of position
and motion cues. These findings support set-first,
time-second aggregation as an effective design for
multi-player trajectory classification.

The error analysis also indicates that
trajectory-only recognition remains challenging
for team sports with similar collective movement
patterns. Future work will explore richer inter-
action modeling and multimodal extensions that
combine trajectory and appearance information.
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