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Abstract

Precise event spotting (PES) aims to recognize fine-grained
events at exact moments and has become a key component
of sports analytics. This task is particularly challenging due
to rapid succession, motion blur, and subtle visual differ-
ences. Consequently, most existing methods rely on domain-
specific, end-to-end training with large labeled datasets and
often struggle in few-shot conditions due to their depen-
dence on pixel- or pose-based inputs alone. However, ob-
taining large labeled datasets is practically hard. We pro-
pose a Unified Multi-Entity Graph Network (UMEG-Net) for
few-shot PES. UMEG-Net integrates human skeletons and
sport-specific object keypoints into a unified graph and fea-
tures an efficient spatio-temporal extraction module based
on advanced GCN and multi-scale temporal shift. To further
enhance performance, we employ multimodal distillation to
transfer knowledge from keypoint-based graphs to visual rep-
resentations. Our approach achieves robust performance with
limited labeled data and significantly outperforms baseline
models in few-shot settings, providing a scalable and effec-
tive solution for few-shot PES.

Code — https://github.com/LZYAndy/UMEG-Net

Introduction
Precise Event Spotting (PES) is a trending problem that
aims to identify events and their class from long, untrimmed
videos, particularly in sports (Hong et al. 2022; Xarles et al.
2024; Xu et al. 2025). The main objective is to accurately
detect sequences of fine-grained, rapidly occurring sports
events, such as a hitting event in racket sports, within a tight
tolerance window (1-2 frames). This capability is essen-
tial for sports analytics applications such as action forecast-
ing (Felsen, Agrawal, and Malik 2017; Wang et al. 2022),
strategic and tactical analysis (Decroos, Van Haaren, and
Davis 2018; Liu et al. 2023, 2024a,b; Liu and Su 2025), and
player performance evaluation (Decroos et al. 2019; Pap-
palardo et al. 2019). Most existing PES methods are trained
end-to-end using raw RGB images as input (Hong et al.
2022; Xarles et al. 2024; Liu et al. 2025b). One main chal-
lenge with these approaches is that they rely on large-scale
datasets with dense, frame-level annotations (Shao et al.
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Figure 1: Precise event spotting in sports videos, with event
timestamps highlighted in red. Each scene can be repre-
sented by a unified graph including human poses and sport-
related entity keypoints (e.g., ball, court corners).

2020; Xu et al. 2022; Wang et al. 2023b; Liu et al. 2025b),
which leads to substantial labeling costs and significantly
limits their scalability to new domains (Xu et al. 2025).
These limitations underscore the significance of few-

shot learning for PES, an area that remains under-explored
in existing research. Traditional few-shot methods, such
as contrastive (Wang et al. 2021, 2023c) and meta-
learning (Coskun et al. 2021; Wanyan et al. 2025) ap-
proaches, typically excel at coarse-grained, action-level
recognition but do not directly address the frame-level ac-
curacy required by PES. Recent advancements in human
pose estimation (Sun et al. 2019) and sports object track-
ing (Huang et al. 2019; Jiang et al. 2020, 2023; Chen and
Wang 2023; Jiang et al. 2024) have facilitated transform-
ing raw RGB videos into compact, keypoint-based repre-
sentations suitable for few-shot scenarios. Although numer-
ous studies leverage human pose data for action recogni-
tion (Duan et al. 2022; Zhou et al. 2024; Liu et al. 2025a),
these methods usually neglect critical contextual cues from
objects (e.g., the ball) and the environment (e.g., the court),
resulting in substantial information loss and compromised
event detection performance. Some works have attempted to
include additional context (Ibh et al. 2023; Li et al. 2024),
yet they predominantly focus on coarse-grained recognition
tasks and thus lack the fine-grained temporal precision es-
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sential for PES, making direct comparisons difficult. Addi-
tionally, keypoint-based approaches depend on accurate de-
tections, which are often unreliable in fast-moving sports
due to motion blur and occlusion. Thus, relying solely on
keypoints is suboptimal for robust PES.
To address these limitations, we propose a graph-based

method for precise event spotting that flexibly incorporates
human skeletons and object-level keypoints (e.g, ball posi-
tions and court corners). We first use pose estimation and
object detection to extract keypoints from all relevant en-
tities. These keypoints are integrated into a unified multi-
entity graph (see Figure 1), capturing interactions among
multiple players, objects, and contextual landmarks, thus
overcoming the limitations of standard skeleton-only rep-
resentations. To efficiently encode spatial-temporal relation-
ships, we introduce the Unified Multi-Entity Graph Network
(UMEG-Net), a novel graph-based module explicitly de-
signed for few-shot PES. UMEG-Net employs an advanced
Graph Convolutional Network (GCN) backbone for spatial
modeling, replacing traditional temporal convolutions with a
parameter-free multi-scale temporal shift mechanism. This
temporal shift operation effectively captures temporal dy-
namics without introducing extra parameters, ensuring com-
putational efficiency and robust few-shot performance. Fur-
thermore, to mitigate inaccuracies from keypoint detection,
we utilize multimodal distillation, transferring learned fea-
tures from the graph-based teacher to an RGB-based student
network (denoted as UMEG-Net distill). By leveraging abun-
dant unlabeled videos from the target domain, the student
learns complementary visual representations, enhancing ro-
bustness and generalization in few-shot PES scenarios.
UMEG-Net improves few-shot PES across diverse sports

domains. We validate its effectiveness on five sports video
datasets with fine-grained event types and precise times-
tamps: F3Set (Liu et al. 2025b), ShuttleSet (Wang et al.
2023b), FineGym (Shao et al. 2020), Figure Skating (Hong
et al. 2021), and SoccerNet Ball Action Spotting (Cioppa
et al. 2024). Under few-shot conditions, UMEG-Net consis-
tently outperforms baseline methods, improving F1 scores
by 1.3% to 5.5% and edit scores by 1.3% to 16.4%.. Ad-
ditionally, incorporating multimodal distillation, our visual-
based student model UMEG-Netdistill achieves an additional
average gain of 5.8% in F1 score and 6.7% in edit score,
highlighting the robustness gained from complementary
RGB features. The key contributions are as follows:
• We introduce and investigate the few-shot precise event
spotting (PES) task, targeting frame-level event recogni-
tion with limited labeled data.

• We designed a unified multi-entity graph that incorpo-
rates human skeletons, objects (e.g., ball), and contextual
landmarks (e.g., court corners) to represent sports events.

• We propose UMEG-Net, a new graph-based framework
for few PES. It combines spatial graph convolution with
a parameter-free multi-scale temporal shift mechanism,
and enhances robustness through multimodal distillation.

• We conduct extensive experiments and ablation stud-
ies across five sports datasets, demonstrating that
UMEG-Net achieves state-of-the-art performance in both

few-shot and fully supervised settings.

Related Work
Precise Event Spotting
Precise event spotting in sports video analysis, initially in-
troduced by (Einfalt et al. 2019) for athletics (long and triple
jumps), involves identifying exact timestamps of specific ac-
tions within strict frame-level tolerances. Subsequently, the
SoccerNet dataset (Giancola et al. 2018) expanded this re-
search by providing extensive soccer video annotations for
temporal action localization. Recent advances (Hong et al.
2022; Xarles et al. 2024) have broadened the applicability of
PES across various sports. E2E-Spot (Hong et al. 2022), em-
ploying a CNN backbone with Gated Shift Modules (Sud-
hakaran, Escalera, and Lanz 2020) and GRUs (Dey and
Salem 2017) for temporal modeling, performed effectively
in tennis and figure skating scenarios but struggled with
the complex temporal dynamics of SoccerNet V2 (Cioppa
et al. 2024). Addressing these limitations, T-DEED (Xar-
les et al. 2024) improved temporal precision for fast-paced
sports, achieving state-of-the-art accuracy on Figure Skating
and Fine Diving benchmarks. More recently, Liu et. al. in-
troduced a large-scale dataset spanning multiple sports and
their proposed F3ED further improved PES performance
through efficient visual encoding and contextual sequence
refinement (Liu et al. 2025b). Despite these advances, PES
methods often suffer from limited supervision due to the
high cost of fine-grained annotation. Our method addresses
these limitations, demonstrating superior event spotting ac-
curacy, particularly in few-shot scenarios.

Skeleton-Based Action Understanding
Skeleton-based human pose representations have been ex-
tensively utilized in sports analytics due to their efficiency,
reduced complexity, and robustness in fine-grained action
recognition, especially under few-shot conditions. Recent
methods leveraging skeleton data have demonstrated ef-
fectiveness on single-athlete sports datasets, such as gym-
nastics (FineGym), achieving strong performance through
dedicated skeleton-based frameworks (Duan et al. 2022;
Liu et al. 2025a). Hong et al. (Hong et al. 2021) fur-
ther highlighted the potential of pose features by distill-
ing pose knowledge into RGB-based networks, illustrating
how pose alignment can enhance recognition accuracy, yet
they still focus primarily on single-athlete scenarios and
remain reliant on accurate pose detection. In team sports
such as volleyball and basketball, skeleton-based methods
have explored group activity recognition through model-
ing multi-person interactions (Perez, Liu, and Kot 2022;
Zhou et al. 2022). Recent studies have additionally inte-
grated non-human entities, such as the shuttlecock trajectory
and court locations in badminton (Liu and Wang 2022; Ibh
et al. 2023), to enrich contextual information. Liu et al. (Li
et al. 2024) improved upon these efforts by constructing
panoramic graphs that integrate multiple players and objects
but overlooked critical spatial relationships involving court
locations. Furthermore, these approaches typically address
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action recognition tasks without considering precise tempo-
ral localization in PES. Additionally, our graph-based mod-
ule efficiently supports precise temporal spotting and few-
shot learning. By further incorporating distillation from raw
RGB inputs, our framework remains robust against inaccu-
racies in pose and object detection, significantly outperform-
ing previous approaches under strict temporal localization
constraints and limited data settings.

Proposed Method
This section presents our method in detail, starting with the
problem statement and then presenting the modules.

Problem Statement
We define the few-shot PES task as follows: Given the in-
put video clip X → RT→H→W→3 consisting of T frames
of RGB image size H ↑ W with channel size of 3, our
goal is to detect a sequence of M event-timestamp pairs
((E1, t1), . . . , (EM , tM )). Here, Ei denotes the event type
with C possible classes, and ti is the corresponding times-
tamp for i → {1, . . . ,M}. We consider a target dataset D
composed of |D| video clips, each containing a certain num-
ber of events. Let Dlabel ↓ D denote the subset of D that
contains labels, and letDunlabel ↓ D be the unlabeled subset,
such thatD = Dlabel ↔Dunlabel. The number of clips in each
subset is |D(un)label|. We specifically address the few-shot
scenario, where the number of labeled samples k = |Dlabel|
is small, referred to as the “k-clip” setting.

Our Proposed Framework
To tackle the problem described above, we propose
UMEG-Net, a unified multi-entity graph network explicitly
designed for few-shot PES. The overall architecture is de-
picted in Figure 2. A unified panoramic graph is first con-
structed by integrating keypoints from human skeletons and
sport-related entities (e.g., ball, court). This graph is then
processed by a series of UMEG Blocks, each combining ad-
vanced spatial graph convolutional networks (GCNs) with
a parameter-free multi-scale temporal shift mechanism for
efficient spatio-temporal feature extraction. Finally, the fea-
ture maps are forwarded to the event localizer and classifier
for precise event spotting. To further enhance model robust-
ness and generalization, we introduce a multimodal distilla-
tion approach that transfers knowledge from the graph-based
model to an RGB-based student network, even with large
amounts of unlabeled videos, through weak supervision.

Unified Multi-Entity Graph Construction Given a
sports video, we first convert each frame into a structured
graph of interacting entities. Specifically, for each frame
t, we define a graph Gt = (Vt, Et), where Vt is the set
of nodes that includes all detected human joints and key-
points of sports-related entities and Et is the set of edges.
V including all detected human joints and keypoints of
sports-related entities, denoted Vt = {V

t
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|. The edge set Et

captures both intra-entity structures and cross-entity interac-
tions. It contains four components:

Et = E
intra
t

↔ E
p–b
t

↔ E
p–c
t

↔ E
c–c
t

,

where E intra
t

encodes skeletal connections within each player
(intra-person edges follow standard human-joint topology);
E
c–c
t

connects 4 court corners as a rectangle to model the
field boundary; Ep–b

t
connects human joints to the ball object

(for racket sports the wrist joints connect to the ball, while
for soccer the ankle and shoulder joints connect to the ball to
approximate lower- and upper-body ball control); Ep–c

t
links

human foot joints to court corners (positional context). All
edges are undirected. See full connection rules in our code.
Our proposed Unified Multi-Entity Graph flexibly inte-

grates multiple players with objects and environmental cues.
Compared to conventional skeleton-only graphs that ignore
objects and context (resulting in loss of critical event infor-
mation), our unified graph provides a richer and more holis-
tic representation of the scene. By explicitly including these
elements as nodes and edges, UMEG-Net can represent fine-
grained event cues that would otherwise be overlooked.

Graph-based Spatio-Temporal Encoding Given a se-
quence of unified multi-entity graphs G = {Gt}

T

t=1 →

RT→|V|→2 over a video clip of T frames, we extract discrim-
inative features via a specially designed spatio-temporal en-
coder, named UMEG Block, tailored for precise event spot-
ting under few-shot conditions. The UMEG Block consists
of a spatial graph convolution network that operates on the
unified graph topology, combined with a novel, parameter-
free temporal multi-scale shift module that enables effi-
cient and effective temporal feature extraction. In the follow-
ing, we describe the spatial GCN module and the temporal
multi-scale shift mechanism.
(1) Spatial GCN. This spatial GCN layer updates node

features by aggregating information from their neighbors in
the graph. In matrix form, the output of one GCN layer is:

H
(ω+1) = ReLU(A(ω)

H
(ω)

W
(ω)), (1)

where A(ω) → R|V|→|V| is the adjacency matrix employed
for spatial aggregation, H(ω)

→ R|V|→T→d symbolizes the
hidden representation, and W

(ω)
→ Rd→d is the weight ma-

trix utilized for feature projection. Here, |V|, T , and d denote
the number of nodes, frames, and hidden feature dimension,
respectively. ReLU(·) is the ReLU activation function, and
the superscript ω indicates the layer number.
Unlike traditional GCNs in skeleton-based action recog-

nition (Duan et al. 2022; Zhou et al. 2024; Liu et al. 2025a)
that process each individual independently, our approach
performs graph convolutions over the entire multi-entity
graph. This allows for joint modeling of both human–human
and human–entity interactions, capturing intra- and inter-
entity relationships simultaneously. Therefore, it can exploit
richer contextual cues essential for precise event spotting.
(2) Temporal Multi-Scale Shift. To model temporal

correlations, most skeleton-based action recognition mod-
els (Yan, Xiong, and Lin 2018; Shi et al. 2020; Chen et al.
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Figure 2: The framework of our proposed method, including UMEG-Net and multimodal distillation. Each frame is converted
to a unified multi-entity graph and processed by stacked UMEG Blocks to produce features for precise event spotting. A
transformer-based RGB student is trained via knowledge distillation from the frozen graph-based teacher.

2021; Duan et al. 2022; Zhou et al. 2024; Liu et al. 2025a)
apply multi-scale temporal convolution modules after each
spatial GCN to capture frame-to-frame dynamics. How-
ever, in few-shot settings, such modules increase the num-
ber of trainable parameters, making training more difficult
and prone to overfitting. To address this, we draw inspira-
tion from TSM (Lin, Gan, and Han 2019) and introduce
a Temporal Multi-Scale Shift Module that efficiently cap-
tures temporal dynamics by shifting feature vectors along
the temporal axis at multiple scales, without adding addi-
tional trainable parameters. Let H(ω)

t
→ R|V|→d be the input

features at frame t and layer ω. We split channels into static,
forward-shift, and backward-shift parts with fraction ε (we
use ε = 1/8)

H
(ω)
t

=
[
H

(ω)
t,static ↘H

(ω)
t,fwd ↘H

(ω)
t,bwd

]
, (2)

where H
(ω)
t,static → R|V|→(1↑2ε)d, and H

(ω)
t,fwd, H

(ω)
t,bwd →

R|V|→εd. ↘ is the notation for (channel-wise) concatenation.
For temporal offsets ! → {1, 2, 4}, define the bidirectional
shift operator

H̃
(ω,!)
t

=
[
H

(ω)
t,static ↘ H

(ω)
t↑!,fwd ↘ H

(ω)
t+!,bwd

]
, (3)

with boundary handling by zero padding. Each shifted
stream is then passed to the spatial GCN to update the node
embeddings with temporal context

Z
(ω,!)
t

= ReLU(A(ω)
H̃

(ω,!)
t

W
(ω)), ! → {1, 2, 4},

(4)

where A is the adjacency matrix, W is the weight for spa-
tial GCN, and Z

(ω,!)
t

→ R|V|→d. We then fuse multi-scale
contexts by

U
(ω)
t

=
∥∥
!↓{1,2,4} F1(Z

(ω,!)
t

), (5)

where F1 is a linear projection to down-scale the channel
size to R|V|→↔d/|!|↗. The output is

H
(ω+1)
t

= F2(ReLU(U
(ω))
t

) +H
(ω)
t

, (6)
where F2 is a linear projection to scale the channel size to
R|V|→d, and H

(ω)
t

is added via a residual connection. This
multi-scale temporal shift mechanism preserves frame-level
resolution, expands the temporal receptive field across short,
mid, and long ranges (via ! → {1, 2, 4}), and introduces no
additional trainable parameters.

Multimodal Knowledge Distillation While the graph-
based model excels at leveraging structured keypoint infor-
mation, its performance can degrade if the pose or object
detections are unreliable (e.g. due to motion blur or occlu-
sions). To enhance robustness, we propose a multimodal dis-
tillation framework where knowledge is transferred from the
graph domain to the raw visual domain. We introduce a stu-
dent network that operates directly on the RGB video frames
and learn it under the guidance of the trained graph-based
teacher (our UMEG-Net).
Let the frozen graph-based teacher encoder ϑtch map the

unified graph sequence G = {Gt}
T

t=1 to per-frame em-
beddings Ftch = ϑtch(G) → RT→d. The RGB student en-
coder ϑstu maps the video X → RT→H→W→3 to Fstu =
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ϑstu(X) → RT→d. ϑstu consists of a visual feature extractor
followed by a bidirectional GRU to capture long-term de-
pendencies and project the extracted features into the same
dimensional space d as the teacher encoder. On all unlabeled
clips Dunlabel, we minimize a feature-matching L2 loss

Lfeat =
1

T

T∑

t=1

∥∥F(t)
tch ≃ F(t)

stu
∥∥2
2
, (7)

The teacher encoder, initialized from the pretrained weights
in the previous stage, remains frozen during distillation,
while the student networks are trainable. A few-shot adap-
tion is adopted to fine-tune the event localizer and classifier
onDlabel. At inference time, the student alone performs PES
directly from RGB, inheriting robustness from the teacher’s
structured graph supervision.

Implementation Details
In UMEG-Net, we employ the unit GCN from (Zhou et al.
2024) as the spatial GCN layer for its strong performance
and efficiency. The multi-scale temporal shift module ap-
plies shifts of ! → {1, 2, 4} frames. For distillation,
we use VideoMAEv2 (Wang et al. 2023a), an advanced
transformer-based visual encoder, as the backbone for fea-
ture extraction (smaller variants also show consistent gains).
Event localization and classification are performed by lin-
ear layers that output event probabilities and event types,
respectively. The training protocol processes 96-frame se-
quences with a stride of 2. RGB frames are resized to 224
pixels in height, then randomly cropped to 224↑ 224 to pre-
serve essential visual information. Standard data augmenta-
tion (cropping, color jittering) enhances data diversity and
model robustness during training but is omitted in testing.
Models are optimized with AdamW (initial learning rate
0.001 for UMEG-Net, 0.0001 for VideoMAEv2 in distilla-
tion), using three linear warm-up steps followed by cosine
annealing. Training is conducted on an RTX 4090 GPU. Fur-
ther implementation details are provided in the Appendix.

Experimental Results
This section presents evaluation details and ablation studies.

Datasets
To evaluate the effectiveness of our method, we conduct ex-
periments on several PES datasets, including racket sports
F3Set-Tennis (Liu et al. 2025b) and ShuttleSet (Wang
et al. 2023b), individual sports FineGym (Shao et al. 2020)
and Figure Skating (Hong et al. 2021), and team sports
SoccerNet-BAS (Cioppa et al. 2024). Detailed descriptions
of these datasets are provided in the supplementary material.
We extract 2D poses using off-the-shelf pose estima-

tors. For 2D pose estimation, we use HRNet (Sun et al.
2019) to detect athletes’ poses through top-down estima-
tion. For sports-specific object detection and tracking, we
fine-tune the pretrained YOLOv8 (Jocher, Chaurasia, and
Qiu 2023) model on corresponding public datasets from
Roboflow (Dwyer et al. 2025) to detect and track target
players and sports balls in F3Set-Tennis, ShuttleSet, and

SoccerNet-BAS. For two racket sports datasets, we also em-
ploy deployed models for court detection to identify the four
corners. Please refer to Appendix for more details.

Evaluation Metrics
Following Liu et al. (Liu et al. 2025b), we evaluate our
method using two metrics that assess temporal precision and
classification accuracy: Edit score and mean F1 with tem-
poral tolerance. (1) Edit Score (Lea et al. 2017) measures
the structural similarity between predicted and ground-truth
event sequences using Levenshtein distance, accounting for
missing, redundant, and misordered predictions. It is suit-
able for tasks requiring accurate event ordering and com-
pleteness. (2) Mean F1 Score with Temporal Tolerance eval-
uates both event classification and localization accuracy. A
prediction is correct if it matches the event class and occurs
within a temporal window of ϖ frames around the ground-
truth timestamp. We report the average F1 across all event
types, denoted as F1evt. Unless otherwise specified, we use a
strict tolerance of ϖ = 1 frame; for SoccerNet-BAS, we fol-
low prior work (Cioppa et al. 2024) and use ϖ = 1 second.

Baselines
We compare our approach with SOTA PES methods that op-
erate on RGB inputs and support end-to-end training, includ-
ing E2E-Spot (Hong et al. 2022) and T-DEED (Xarles et al.
2024), each evaluated with RegNet-Y (Radosavovic et al.
2020) 200MF and 800MF backbones, as well as F3ED (Liu
et al. 2025b). Furthermore, we construct skeleton-based
PES variants of these baselines by replacing their visual
encoders with existing skeleton-based GCN architectures.
These variants take 2D human poses as input and employ
F3ED’s head module for event spotting. Specifically, we
adopt graph-based models including MSG3D (Liu et al.
2020), AAGCN (Shi et al. 2020), CTRGCN (Chen et al.
2021), STGCN++ (Duan et al. 2022), BlockGCN (Zhou
et al. 2024), and ProtoGCN (Liu et al. 2025a). Per-frame rep-
resentations are computed by aggregating individual skele-
ton features via averaging across all detected persons.

Few-Shot Setting
We define the few-shot scenario as training with a limited
number of annotated clips (k-clip), following (Hong et al.
2021). In F3Set-Tennis and ShuttleSet, each clip represents
a rally spanning several seconds and comprising a sequence
of shots. In FineGym-BB and Figure Skating, each clip cor-
responds to a routine with a series of technical and artistic
movements. In SoccerNet-BAS, each clip captures a phase
of play featuring actions such as pass, drive, and shoot.
Unlike the traditional k-shot approach, which segments

videos into independent samples containing single events
with backgrounds (Yang et al. 2020; Nag, Zhu, and Xi-
ang 2021), our k-clip strategy offers a more practical and
domain-adapted setting. First, due to the large number of
event types in sports, many of which are rare, sampling k in-
stances per type is often impractical; annotating a small set
of clips per sport domain is more efficient and scalable. Sec-
ond, sports actions are typically brief (1–2 frames) and occur
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F3Set-Tennis ShuttleSet FineGym-BB Figure Skating SoccerNet-BAS Params (M)
F1evt Edit F1evt Edit F1evt Edit F1evt Edit F1evt Edit

(a) SOTA PES methods
E2E-Spot 200MF (Hong et al. 2022) 2.6 11.1 35.6 50.3 40.1 50.8 29.9 34.8 15.3 35.4 4.5
E2E-Spot 800MF (Hong et al. 2022) 3.1 13.3 42.7 54.6 44.7 53.1 35.9 42.7 22.1 43.1 12.6
T-DEED 200MF (Xarles et al. 2024) 1.0 4.2 33.8 41.7 44.1 48.4 36.6 33.5 4.7 8.8 16.4
T-DEED 800MF (Xarles et al. 2024) 1.5 6.4 30.7 38.6 43.6 48.3 37.9 40.6 6.7 14.3 46.2
F3ED (Liu et al. 2025b) 3.9 15.3 44.1 55.1 43.8 52.1 36.1 34.4 22.7 34.5 4.7

(b) Skeleton-based PES variants
MSG3D (Liu et al. 2020) 5.2 15.4 39.7 56.3 45.8 50.1 18.1 32.8 22.3 39.5 4.6
AAGCN (Shi et al. 2020) 4.9 15.4 44.7 55.6 42.8 47.8 24.8 40.0 22.1 43.1 5.4
CTRGCN (Chen et al. 2021) 5.5 16.9 40.3 55.1 46.6 50.7 28.2 44.4 22.3 42.4 3.1
STGCN++ (Duan et al. 2022) 6.4 18.0 45.0 57.7 44.6 50.0 29.5 46.8 17.4 42.7 3.0
ProtoGCN (Liu et al. 2025a) 6.6 18.1 46.8 58.3 41.4 51.1 25.3 43.7 17.8 41.0 5.6
BlockGCN (Zhou et al. 2024) 6.9 18.3 47.1 59.4 44.5 49.1 29.8 48.2 19.9 43.3 2.5

(c) Our approach
UMEG-Net 9.4 31.7 49.2 64.0 49.2 54.4 39.2 49.6 27.0 44.8 2.2
UMEG-Net distill 12.5 40.7 59.1 69.0 58.4 61.2 45.9 56.2 27.1 50.8 67.8

Ablation studies
(d) pose →N 5.6 23.9 47.4 61.5 49.2 54.4 39.2 49.6 20.7 39.6 –

pose →N + court 6.6 26.1 46.7 61.5 – – – – – – –
pose →N + ball 8.6 30.2 48.1 62.5 – – – – 27.0 44.8 –
pose →N + ball+ court 9.4 31.7 49.2 64.0 – – – – – – –

(e)! ↑ {1} 8.8 30.4 46.5 61.2 39.0 50.3 26.2 36.8 21.1 38.9 –
! ↑ {1, 2} 9.6 33.2 47.4 61.6 42.9 49.8 32.1 45.3 23.1 40.1 –
! ↑ {1, 2, 4} 9.4 31.7 49.2 64.0 49.2 54.4 39.2 49.6 27.0 44.8 –

(f) Self-supervise (Chen et al. 2020) 3.0 29.1 50.2 62.4 54.5 56.8 34.6 41.3 26.0 42.9 –
UMEG-Net distill 12.5 40.7 59.1 69.0 58.4 61.2 45.9 56.2 27.1 50.8 –

(g) E2E-Spot (full supervision) 44.6 71.1 71.2 76.1 72.9 73.0 58.0 63.9 46.2 72.9 –
UMEG-Net (full supervision) 47.5 71.2 71.4 76.1 59.8 64.8 61.8 71.8 36.1 55.7 –

Table 1: Results and ablations on 5 datasets using 100-clip training are reported with F1evt and edit score. “Params (M)” denotes
model size. Top results are bolded, category bests are underlined, and our UMEG-Net surpasses all SOTA baselines.

rapidly in succession, thus isolated events lack essential tem-
poral context. Third, consecutive events frequently exhibit
strong dependencies (Hong et al. 2022; Liu et al. 2025b);
therefore, training on k-clips rather than k-shots enables the
model to better capture long-term event relationships.

Result Analysis with Few-Shot Supervision
We evaluate performance in the few-shot setting across all
datasets. For a fair comparison, all methods are trained on
the same k-clip samples, with five random splits per dataset,
and the results are averaged. We test k → {15, 25, 50, 100}
across SOTA PES methods, skeleton-based PES variants,
and our methods. Table 1 presents the results for the 100-clip
setting. From the table, we observe that UMEG-Net consis-
tently achieves strong performance across all datasets.
(1) Comparison with SOTA PES methods. UMEG-Net

achieves substantial improvements over these methods as
shown in Table 1(a). Specifically, it improves F1evt by 1.3%
to 5.5% and Edit score by 1.3% to 16.4% over the best-
performing PES baselines across five datasets, respectively.
Despite strong performance on large-scale labeled data,
these PES methods generally struggle in few-shot settings,

highlighting the limitation of relying solely on RGB inputs.
(2) Compare with skeleton-based PES variants.

UMEG-Net shows noticeable advantages over skeleton-
based variants in Table 1(b), especially on datasets contain-
ing fine-grained events such as F3Set-Tennis and Shuttle-
Set. For instance, it outperforms the best-performing vari-
ant BlockGCN by +2.5% F1evt and +13.4% Edit on F3Set-
Tennis, and +2.1% F1evt and +4.6% Edit on ShuttleSet. This
advantage stems from UMEG-Net’s incorporation of object
and environmental cues, as well as its compact architecture,
with the fewest parameters (2.2M) among all baselines.
(3) Multimodal distillation. UMEG-Net distill further en-

hances performance and robustness as shown in Table 1(c).
Compared to UMEG-Net, it improves on average 5.8% in
F1evt and 6.7% in Edit score. These improvements demon-
strate the effectiveness of multimodal distillation in captur-
ing complementary visual representations from RGB inputs.
(4) Various k-clip settings. Figure 3 illustrates per-

formance trends for representative PES baselines and our
proposed models across various k-clip samples. The fig-
ure clearly indicates that UMEG-Net consistently outper-
forms existing methods under all supervision levels, and
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Figure 3: F1evt and Edit scores under few-shot (k-clip) training. Percentages indicate the fraction of the full training set.

UMEG-Netdistill provided further improvement. These re-
sults confirm the robustness and effectiveness of our ap-
proach across diverse few-shot scenarios.

Ablation Studies
We conduct ablation studies to evaluate the effectiveness of
our proposed framework in few-shot settings, primarily fo-
cusing on the 100-clip setup unless otherwise specified.

Effect of Graph Entities To assess the impact of different
entity types, we analyze graph structures incorporating var-
ious object configurations, as shown in Table 1(d). Specifi-
cally, “pose↑N”, “ball”, and “court” represent N ↑K hu-
man joint keypoints, a single keypoint for the ball, and four
keypoints for court corners, respectively. The results indicate
that incorporating ball or court information improves perfor-
mance over using pose keypoints alone, while combining all
entity types yields the best performance.

Temporal Module Configuration We examine the choice
of ! in UMEG-Net to see how it affects overall perfor-
mance. We evaluate the effectiveness of different scales in
temporal module by shifting ! → {1}, ! → {1, 2}, and
compare with our default setting of ! → {1, 2, 4}. As pre-
sented in Table 1(e), the performance drops with less tempo-
ral shift scales. However, further increasing the scales does
not necessarily increase the performance.

Self-Supervise vs. UMEG-Net distill To validate the effec-
tiveness of our multimodal distillation from UMEG-Net to
visual encoders, we compare it with a visual-based self-
supervise alternative approach, where the visual models
is pretrained on unlabeled domain data using contrastive
learning (Chen et al. 2020) and fine-tuned on k-clip la-
beled samples. As shown in Table 1(f), although the con-

trastive learning approach show notable improvement com-
pared to visual-based method trained only on labeled data,
our UMEG-Net distill substantially outperforms it.

Full Supervision Performance We also compare our
UMEG-Net with existing RGB-based PES methods (E2E-
Spot) under full supervision, where all of labeled clips in
the training set are available. As shown in Table 1(g), our
model is competitive even in the high-data regime. It shows
better performance in 3 out of 5 datasets. This shows that
UMEG-Net is not limited to few-shot regimes.

Conclusion
In this paper, we introduced the task of few-shot Precise
Event Spotting (PES), addressing the critical challenge of
frame-accurate event detection in sports videos with limited
labeled data. To tackle this, we proposed a unified multi-
entity graph representation that flexibly integrates human
skeletons, sport-specific object keypoints, and contextual
landmarks, enabling richer modeling of complex interac-
tions within diverse sports scenes. Leveraging this represen-
tation, we developed UMEG-Net, a lightweight yet power-
ful graph-based architecture utilizing spatial graph convolu-
tions combined with a parameter-free multi-scale temporal
shift mechanism, enhanced further by multimodal knowl-
edge distillation. Extensive experiments across five fine-
grained sports event datasets demonstrated that our approach
significantly outperforms existing methods in few-shot sce-
narios. These results confirm the effectiveness of structured
graph representations and multimodal learning strategies in
addressing annotation scarcity and generalization challenges
in precise event spotting. Future work can extend our ap-
proach to handle events with weak or non-entity cues, im-
proving robustness beyond entity-driven scenarios.
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