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Abstract

We propose action-agnostic point-level (AAPL) supervision
for temporal action detection to achieve accurate action in-
stance detection with a lightly annotated dataset. In the pro-
posed scheme, a small portion of video frames is sampled
in an unsupervised manner and presented to human annota-
tors, who then label the frames with action categories. Unlike
point-level supervision, which requires annotators to search
for every action instance in an untrimmed video, frames to
annotate are selected without human intervention in AAPL
supervision. We also propose a detection model and learning
method to effectively utilize the AAPL labels. Extensive ex-
periments on the variety of datasets (THUMOS ’14, FineAc-
tion, GTEA, BEOID, and ActivityNet 1.3) demonstrate that
the proposed approach is competitive with or outperforms
prior methods for video-level and point-level supervision in
terms of the trade-off between the annotation cost and detec-
tion performance.

Extended version — https://arxiv.org/abs/2412.21205
Code — https://github.com/smy-nec/AAPL

1 Introduction

Temporal action detection is a vital research area in com-
puter vision and machine learning, primarily focusing on
recognizing and localizing human actions and events in
untrimmed video sequences (Xia and Zhan 2020; Vahdani
and Tian 2022). With the rapid growth of video data avail-
able online, developing algorithms capable of understand-
ing and interpreting such a wealth of information is criti-
cal for a wide range of applications, including anomalous
event detection in surveillance videos (Vishwakarma and
Agrawal 2013; Sultani, Chen, and Shah 2018) and sports ac-
tivity analysis (Giancola et al. 2018; Cioppa et al. 2020). The
existing literature generally tackles action detection prob-
lems through fully supervised approaches (Lin et al. 2019;
Xu et al. 2020; Zhang, Wu, and Li 2022), which require
training data with complete action labels and their precise
temporal boundaries. Despite significant progress in recent
years, these methods confront considerable challenges due
to the high annotation cost to predict actions in complex and
diverse video settings accurately. To reduce the annotation
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Figure 1: Illustration of ground-truth (full supervision),
point-level supervision, and AAPL supervision. The red
boxes and lines represents the frames labeled as “Volley-
ball Spiking”, and the black lines represents those labeled
as “Background”. The images are from a video in THU-
MOS ’ 14 (Jiang et al. 2014).

cost for temporal action detection, weak supervision, such as
video-level supervision (Sun et al. 2015; Wang et al. 2017;
Baraka and Mohd Noor 2022; Li, Zhang, and Zhang 2024)
and point-level labels (Moltisanti, Fidler, and Damen 2019;
Ma et al. 2020), has been studied. However, these types of
supervision have their own difficulty in practice.

Video-level supervision only uses the action classes pre-
sent in the video as labels. Various approaches have been
proposed, such as multiple instance learning-based (Wang
et al. 2017; Paul, Roy, and Roy-Chowdhury 2018), fea-
ture erasing-based (Singh and Lee 2017), and attention-
based (Nguyen et al. 2018; Lee, Uh, and Byun 2020; Liu,
Jiang, and Wang 2019), but they ultimately reduce action de-
tection learning to video classification. Behind this strategy
is the assumption that the discriminative intervals contribut-
ing to classification are where the actions occur, which is not
always true. In addition, when a video contains multiple ac-
tion classes, it becomes a multi-label classification problem,
which is extremely difficult. These limitations severely limit
the range of applications of video-level supervision.

Point-level supervision specifies for each action instance a
single arbitrary time point in the instance and the action class
and has been actively studied recently (Ju et al. 2021; Lee
and Byun 2021; Li, Cao, and Ye 2023; Li, Abu Farha, and
Gall 2021). While the point-level labels convey partial infor-
mation about the location of action instances, they do not tell
where the actions are not. This is a fundamental difficulty in
point-level supervised action detection because localization
is to distinguish actions from non-actions. In addition, the
requirement that action instances must be exhaustively la-
beled makes the annotation process expensive.



Instance-level localization

Video-level classes

Available Foreground Background Exhaustive Exhaustive
Full v Complete  Complete v v
Video X — — — 4
Point v Single point X v v
AAPL (ours) v Point(s) Point(s) X X

Table 1: Comparison of full, video-level, point-level, and AAPL supervision. The first set of columns compares them from the
perspective of four aspects of instance-level localization: whether information localizing action instances is available, what type
of localization is given for foreground and background, and whether all the action instances are exhaustively annotated. The
last column shows whether these types of supervision exhaustively give action classes appearing in each video.

To achieve better trade-off between the annotation costs
and detection accuracy, we propose action-agnostic point-
level (AAPL) supervision, a novel form of weak supervi-
sion for temporal action detection (Fig. 1). In producing
AAPL labels, a small portion of video frames is sampled
and presented to human annotators, who label the frames
with action categories. Unlike point-level supervision, the
frames to annotate are selected without human intervention.
We also propose a baseline learning protocol exploiting the
AAPL labels. To demonstrate the utility of AAPL supervi-
sion in various use cases, we empicically evaluate our ap-
proach using five dataests with different characteristics, in-
cluding BEOID (Damen et al. 2014), GTEA (Fathi, Ren,
and Rehg 2011), THUMOS ’14 (Jiang et al. 2014), FineAc-
tion (Liu et al. 2022), and ActivityNet 1.3 (Heilbron et al.
2015). The results show that the proposed method is com-
petitive with or outperforms prior methods for video-level
and point-level supervision. We also find that even training
only with annotated frames can achieve competitive results
with the previous studies. This suggests the inherent effec-
tiveness of AAPL supervision.

The contributions of this paper are as follows:

* We propose AAPL supervision, a novel form of weak su-
pervision for temporal action detection, which achieves
good cost-accuracy trade-offs.

* We design an action detection model and loss functions
that can leverage the AAPL-labeled datasets.

* Comprehensive experiments on a wide range of ac-
tion detection benchmarks demonstrate that the proposed
approach is competitive with or outperforms previous
methods using video-level or point-level supervision in
terms of the trade-off between the annotation cost and
detection performance.

2 Action-Agnostic Point-Level Supervision

We first explain the annotation pipeline for AAPL supervi-
sion (Sec. 2.1). Then, we compare AAPL supervision with
other forms of weak supervision qualitatively (Sec. 2.2) and
in terms of annotation time (Sec. 2.3). Some notations for
AAPL labels are also introduced (Sec. 2.4).

2.1 Annotation Pipeline

AAPL supervision is characterized by the two-step annota-
tion pipeline consisting of action-agnostic frame sampling
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and manual annotation. Action-agnostic frame sampling de-
termines which frames in the training videos to annotate.
This can be an arbitrary method that, without any human in-
tervention, selects video frames to annotate. Then, human
annotators label the sampled frames with action categories.

Action-agnostic frame sampling is what distinguishes
AAPL supervision from conventional point-level supervi-
sion. The previous scheme requires that every action in-
stance in a video be annotated with a single time point.
This is a challenging task because human annotators need
to search videos for every action instance. By contrast, for
AAPL supervision, annotators just annotate the sampled
frames with action categories, but they do not need to search
for action instances.

The simplest examples of action-agnostic frame sampling
are regularly spaced sampling and random sampling. The
former picks up frames at regular intervals, while the lat-
ter selects frames randomly. A strength of these methods is
that they are easy to implement, computationally light, and
free from any assumption on the videos. As we will see in
Sec. 4.4, the regular sampling is more preferable than the
random one because the latter can result in multiple frames
in temporal proximity being selected, leading to redundant
annotations. We can also consider more sophisticated sam-
pling strategies that take into account the content of the
video. For example, we can use a pre-trained feature extrac-
tor to compute the feature representations of the frames and
then cluster the frames based on the features. The represen-
tative frames of each cluster can be selected for annotation.
See Sec. 4.4 for performance comparison.

Because sampling at regular intervals is computationally
free, it might be suitable as an initial choice. In addition,
it involves only one hyper-parameter, the interval length,
which can be sensibly determined by using prior knowledge
about the dataset, e.g., the duration and frequency of action
instances. If one has the computational resources, sophisti-
cated methods like clustering-based sampling can be a good
alternative, because it can adapt to the dataset characteristics
and potentially provide better performance.

2.2 Qualitative Comparison

Here, we contrast AAPL supervision with other types of su-
pervision. Table 1 compares four supervision schemes for
temporal action detection: full, video-level, point-level, and
AAPL supervision.



AAPL
Full Video Point 3sec. 5sec. 10sec. 30sec.
BEOID 3772 1.11 244 2.09 143 094 045
GTEA 449 093 3.03 198 160 1.09 0.53
THUMOS’14 192 045 1.10 131 095 064 0.36

Table 2: Annotation time relative to the video duration.
“Full”, “Video”, and “Point” represent the full segment-
level supervision, video-level supervision, and point-level
supervision, respectively. “T" sec.” stands for the intervals for
AAPL supervision.

Information about instance-level localization is partially
available in the AAPL labels, which do not give the exact
starting and ending times of action instances but do include
timestamps on them. This is similar to point-level supervi-
sion, but AAPL supervision can have multiple labels on a
single action instance, conveying more complete informa-
tion about the action location. It also has labels on back-
ground frames, which is crucial for temporal localization
because localizing an action entails finding the boundaries
between the action and the background. Conventional point-
level supervision contains timestamps of foreground frames
only, and previous work resorts to a self-training strategy
to mine background frames, assuming there is at least one
background frame between two point-level labels (Lee and
Byun 2021). This assumption is plausible but has a minor
practical meaning for rare actions because in such cases
point-level labels are distributed so sparsely that two point-
level labels cannot effectively narrow down the location of
the action boundaries.

Action-agnostic frame sampling is not guaranteed to find
all the action instances in a video, and some action instances
might not have labels. This is a potential weakness of AAPL
supervision. This is true even at the video level; action-
agnostic frame sampling might miss all the instances of an
action class that is indeed present in the video. This makes it
challenging to apply popular methods such as a video-level
loss function, which is known to be effective both for video-
level (Paul, Roy, and Roy-Chowdhury 2018) and point-level
supervision (Ma et al. 2020; Lee and Byun 2021). However,
this problem can be mitigated by a simple modification to
the video-level loss introduced in Sec. 3.2.

2.3 Measurement of Annotation Time

We measured the annotation time for full, video-level, point-
level, and AAPL supervision, using a modified version of
the VGG Image Annotator (VIA) (Dutta, Gupta, and Zisser-
mann 2016; Dutta and Zisserman 2019). For AAPL super-
vision, we sampled frames to annotate at regular intervals of
3,5, 10, and 30 seconds. We had eight workers annotate the
videos in BEOID (Damen et al. 2014), GTEA (Fathi, Ren,
and Rehg 2011), and THUMOS ’ 14 (Jiang et al. 2014). More
details of this measurement are available in the extended ver-
sion (Yoshida et al. 2024).

Table 2 shows the measured annotation time relative to
the duration of videos, i.e., the minutes it took for one an-
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notator to annotate a 1-minute video. The previous methods
(“Full”, “Video”, and “Point”) exhibit the expected order-
ing that full supervision costs the most, and that video-level
supervision costs the least. On the other hand, the annota-
tion time for AAPL supervision varies with the intervals and
is well-approximated by a linear function of the number of
labeled frames. This modeling assumes that the annotation
time per frame is constant, which is reasonable because the
annotation time per frame is dominated by the time to se-
lect the action category and is not sensitive to the number of
frames to annotate.

The annotation time depends on the dataset’s character-
istics, such as the density (i.e., the number per unit length
of a video) of action instances and the number of action
classes occurring in one video. Indeed, these numbers are
much larger in BEOID and GTEA than in THUMOS ’14.
As a result, annotating videos in BEOID and GTEA takes
over twice as long as annotating those in THUMOS ’ 14 for
full, video-level, and point-level supervision. By contrast,
the variation in the annotation time is relatively small for
AAPL supervision because AAPL annotation involves lo-
cal segments around the frames to label and is insensitive
to global characteristics like density. This property makes it
easy to apply AAPL supervision in a variety of datasets.

2.4 Notations

‘We introduce notations for AAPL labels. Let ) be a set of
videos. AAPL labels for a video V € V are a set £V
{(ti, y:) }iciwvy of pairs of a time stamp ¢; and an action

label y; € {0,1}¢. Here, NV is the number of annotated
frames, C' is the number of action categories, an action la-
bel y; is a 0/1-valued vector with the c-th component indi-
cating the presence or absence of action of the c-th class at
the time ¢;, and [K] is the set {1,2,..., K'}. An annotated
frame might not belong to any action instance. Such a frame
is called a background and labeled y = 0. Also, if multiple
action instances of different categories overlap, the frames
in the intersection are annotated with a multi-hot vector rep-
resenting all the action categories present there.

3 AAPL Supervised Learning Method

This section explains our approach to temporal action de-
tection under AAPL supervision. This includes the action
detection pipeline predicting action instances from an input
video (Sec. 3.1), the training objectives for the prediction
model (Sec. 3.2), and the pseudo-labeling strategy to make
more effective use of the training data (Sec. 3.3).

3.1 Action Detection Model

Our action detection pipeline consists of preprocessing,
snippet scoring, and action instance generation, following
previous studies (Li, Zhang, and Zhang 2024), At the pre-
processing stage, we divide an input video into 7"V non-
overlapping segments of 7 frames called snippets and ap-
ply the transformation to make them fit the snippet scoring
model. The snippet scoring model processes an input video

V into a prediction score sequence PV € REXTY The pre-
diction score P), indicates the likelihood of an action of the
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Figure 2: Illustration of the model and the loss functions.

c-th class occurring at time ¢. The action instance genera-
tor then converts the score sequence into a set of the scored
action instances {(s;, €;, ¢;,pi) }ic[pvy in the video. Here,
MV is the number of action predictions in the video, s; is
the starting time, e; is the ending time, c¢; is the action cate-
gory, and p; is the confidence score of the i-th prediction.
The snippet scoring model comprises a feature extractor,
a feature embedder, and two scoring heads, as illustrated
in Fig. 2. The feature extractor is a pretrained 3D CNN
converting each preprocessed snippet into a D-dimensional
snippet feature. We denote the sequence of the snippet fea-
tures by XV € RP xT"  The feature sequence is further
fed into the feature embedder, a temporal convolution layer
of the kernel size three followed by the rectified linear unit
activation, which outputs the embedded feature sequence

ZV = (2Y,...,2%) € RP*T"  The embedded features
are split into Z¥ € RP/2XT" and 7Y € RP/2XT"  which
are then input to the two scoring heads. The classification
head classifies each snippet and outputs class-specific clas-

sification scores SV € REXT" called the temporal class
activation sequence (T-CAS). The actionness head calcu-
lates class-agnostic scores called the actionness sequence

AV € RT", which represents the likelihood of a snippet
being in an action instance. Both heads combine a point-
wise temporal convolution layer and the sigmoid function.
The final prediction scores are the product of the two score
sequences: PY = AV SY.

Given the prediction scores for an action category, the ac-
tion instance generator first upsamples the score sequence
to match the frame rate of the input video. It then gener-
ates a set of action candidates by collecting the intervals
over which the prediction scores are above a threshold 6,¢q.
This process is repeated with several different thresholds.
Then, for each action candidate, it calculates the outer-inner
contrastive score (Shou et al. 2018) as the initial confidence
score. Finally, soft non-maximum suppression (Bodla et al.
2017) removes duplicate predictions and we calculate the fi-
nal confidence scores.

3.2 Training Objectives for the Scoring Model
Our training objective is the weighted sum of three terms:

L= Lpt + >\vidLvid + )\pascleasch (1)
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where Ly is the point-level classification loss, Lyiq is the
video-level classification loss, and Ly, is the prototype-
anchored supervised contrastive loss (see Fig. 2). For
brevity, we also call them the point loss, the video loss, and
the contrastive loss, respectively. Unless otherwise stated,
the averaging over a mini-batch of videos is implied in the
expressions of the loss functions below.

The point-level classification loss quantifies the classifi-
cation error on labeled snippets. We adopt the focal loss (Lin
et al. 2020) for this purpose. We separate the contribu-
tions from the foreground and background snippets, L =
Ly g + Lt bg, to handle the class imbalance between them:

1
Lpt £ T4 S {(17A¥)2logA:/
fe (tyecl,
C
2 2
+ 37 [pe = 83108 8%, + (1 = ) (ST) logufs;)}},
c=1
2)
—1 V2 %
Lpt,pg = v (A{ )" log(1 —Ay)
bg

v
(ty)ely,

Yot oe(1 - 52)|. )
c=1

Here, £}, and Ly, represent the subsets of AAPL labels on
the foreground (y # 0) and background (y = 0) snippets,
respectively. Importantly, we can calculate both Ly ¢, and
Ly be by using human-generated AAPL labels only because
AAPL labels have labels on background snippets. By con-
trast, previous point-level methods (Ma et al. 2020; Lee and
Byun 2021) require pseudo-labeling to calculate the back-
ground point loss. This is a significant advantage of AAPL
supervision over previous point-level methods because ac-
tion localization involves distinguishing foreground actions
from the background and having reliable labels on the back-
ground snippets is crucial for learning this task.

The video-level classification loss measures the agree-
ment between the video-level labels and predictions. In the
AAPL-supervised setting, however, the video-level labels
might be incomplete. In other words, the absence of AAPL
labels of an action class does not necessarily imply that the
class is absent in the video. Consequently, we cannot sim-
ply apply the video loss as used in the video-level (Wang
et al. 2017; Paul, Roy, and Roy-Chowdhury 2018) and point-
level (Ma et al. 2020; Lee and Byun 2021) scenarios.

To handle this incompleteness, we introduce the positive
and negative parts of the video loss. The positive part of the
video loss is expressed as

Lvid,pos - - Z yl/ logﬁyz
ce[C]

“

where ﬁl/ is the video-level prediction score,

a< o (PV)> ®)

teT
y(‘f is the video-level label,

max

_V
Pe a.
¢ kPOS TC[TV]a‘T‘zkpos

(6)

max
(t,y)eLV

Vv
Ye =

Ye,



and o and o~ ! represent the sigmoid function and its inverse
function. The terms of the form (1 — y))log(1 — pY) are

excluded in our loss because ! = 0 does not necessarily
mean that the c-th class is absent in the video. This exclusion
can lead to a biased estimation of the video-level prediction
scores. To compensate this bias, we introduce the negative

part of the video loss, Lyiq neg- To this end, we define EV by
the “bottom-£” pooling:

\% 1 . -1 ( V)
=0 min o P, . 7
EC (k:neg Tc[TV],\T\:kneg teZT °t ( )

This represents the average scores of frames that are not
likely in the c-th class. Then, the negative part is written as

Luanes ==y log (1-p"). @)

ce(C]

The total video loss is the simple sum of the two parts:
Lyqa = Lvid,pos + Lvid,neg-

Following recent work (Huang et al. 2020; Liu et al. 2023;
Lee and Byun 2021; Li, Cao, and Ye 2023) demonstrating
that enhancing the discriminative power of embedded fea-
tures improves action detection performance, we also intro-
duce the prototype-anchored supervised contrastive loss.
This loss was inspired by the SupCon loss (Khosla et al.
2020) and utilizes AAPL labels to enhance the embedded
features. The anchors in the SupCon loss are replaced with
the prototypes. This modification makes our loss computa-
tionally more efficient.

To formulate the prototype-anchored supervised contra-
stive loss, we first introduce the prototype q. for the c-th
action class. The prototype is the running estimate of the
average embedded features for snippets belonging to action
instances of the c-th class. The prototype q. is initialized as

1
9=z >

(Vit,y)ELC

&)

v
Zt

where L. = {(V,t,y) | VV € V,(t,y) € LV ,y. = 1} is
the set of all the AAPL labels attached to c-th class action
snippets in the training dataset. During the training, q. is
updated at every iteration as

>

(Vit,y)eLB

"

g + (1 —p)qe + ZE] 2z, (10)

where £5 is a subset of L. from the videos in the mini-batch
for that iteration.

Using the prototypes, the prototype-anchored supervised
contrastive loss for a mini-batch B is expressed as
—1 edc ~zy /T
1£2]

>

ce[C]

>

(V,t,y)ech

Lpa:;cl = 10g )

’
= acz /7
(V! t'y')ech € '

an

where £8 = Ucelc) Lf. Because Ly, is calculated using
all the videos in the mini-batch, we do not apply mini-batch
averaging to Lpas1. This loss function pulls the embedded
features of the c-th action class to g, while repelling the
others from it. We do not use a prototype for background
features, and therefore, such features are repelled by all the
prototype vectors.
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3.3 Ground-Truth Anchored Pseudo-Labeling

Among the loss functions in the previous section, the point
loss Ly and the contrastive loss Ljasc1 do not involve un-
labeled snippets, which constitute the majority of the snip-
pets in the training dataset. Pseudo-labeling offers a conve-
nient way of exploiting these underutilized data by gener-
ating pseudo labels from the predictions and using them in
calculating the losses. To obtain a better outcome, the qual-
ity of the pseudo labels is crucial.

Here, we adopt the ground-truth anchored pseudo-label-
ing strategy, inspired by Ma et al. (2020) and Li, Cao, and
Ye (2023). Under this strategy, pseudo-labels of the c-th ac-
tion class are assigned to the snippets on an interval if (i) the
prediction scores P over the interval are above a thresh-
old O, (ii) at least one of the snippets is annotated with an
AAPL label, and (iii) every AAPL label (¢, y) on the interval
satisfies y. = 1. Put differently, pseudo-labels are given to
intervals with highly confident predictions consistent with
AAPL labels. Similarly, pseudo-background labels are as-
signed to an interval if (a) the actionness scores are below a
threshold 6y, over the interval, and (b) there is at least one
background label and no foreground action label on the in-
terval. When calculating the point loss and the contrastive
loss, we replace the AAPL labels with the pseudo labels.

4 Experiments

In this section, we empirically evaluate the effectiveness of
AAPL supervision for temporal action detection. As action-
agnostic frame sampling, we use the regularly spaced sam-
pling, except in the part of Sec. 4.4 that compares different
sampling schemes. We also analyze the effects of our de-
sign choices. We defer details of implementation and hyper-
parameters to the extended version (Yoshida et al. 2024).

4.1 Datasets

To demonstrate the usefulness in various usecases, we use
five benchmark datasets with different characteristics. Here,
we provide a brief overview of the datasets. More dataset
statistics are shown in the extended version (Yoshida et al.
2024).

BEOID (Damen et al. 2014) is a dataset of egocentric
activity videos, containing diverse activities ranging from
cooking to work-outs. We adopt the training-validation split
from Ma et al. (2020).

GTEA (Fathi, Ren, and Rehg 2011) also consists ego-
centric videos but focuses fine-grained daily activities in a
kitchen. The median number of action instances per video is
18 in an about 60-second video. This number is by far the
largest among the datasets used in this paper.

THUMOS ’14 (Jiang et al. 2014) has significant varia-
tions in the lengths and the number of occurrences of ac-
tion instances. Following the convention (Wang et al. 2017,
Nguyen et al. 2018), we use the validation set for training
and the test set for evaluation.

FineAction (Liu et al. 2022) is a large scale dataset for
fine-grained action detection. The fine-grained nature of ac-
tion categories and the sparsity of action instances make this
dataset extremely challenging for action detection.



mAP@IoU [%] (BEOID)

mAP@IoU [%] (GTEA)

Supervision ~ Method

0.1

03 05 07 Avg 0.1

03 05 07 Avg

Point Ma et al. (2020)

629 409 16.7 3.5 30.9 58.0 37.9 193 119 31.0

Li, Abu Farha, and Gall (2021) 71.5 40.3 20.3 5.5 34.4 60.2 44.7 28.8 122 364

Lee and Byun (2021)
Li, Cao, and Ye (2023)

76.9 61.4 427 25.1 51.8 63.9 55.7 33.9 20.8 43.5
78.7 63.3 44.1 26.9 533 65.2 56.8 34.3 21.2 449

AAPL (3 sec.) Ours

75.5 67.6 48.5 263 552 70.3 54.4 37.7 234 46.3

Table 3: Detection performance on GTEA and BEOID. Each column shows the mAP at a specific IoU threshold (0.1, 0.3, 0.5,

and 0.7) and the average mAP (Avg) over the thresholds.

ActivityNet 1.3 (Heilbron et al. 2015) is a large-scale
video dataset for action recognition and detection of 200 di-
verse action categories. The majority of videos in this dataset
have only one action instance, and the duration of each ac-
tion instance is much longer than that of the other datasets.

4.2 Evaluation Metrics

As evaluation metrics, we report mean average precision
(mAP) at various thresholds for temporal intersection over
union (IoU) (see Jiang et al. (2014) for the formal defini-
tion). Following convention (Lee and Byun 2021; Li, He,
and Xu 2022), when calculating the average mAP (Avg
mAP), we average mAP’s at the thresholds from 0.1 to 0.7
with a step 0.1 for BEOID, GTEA, and THUMOS ’14, and
from 0.5 to 0.95 with a step 0.05 for FineAction and Ac-
tivityNet 1.3. All the reported results of our method are the
average of eight runs with different random seeds.

4.3 Main Results

Table 3 provides the experimental results on BEOID and
GTEA, demonstrating that our method outperforms the
point-level methods in terms of the average mAP. The in-
tervals of the AAPL labels are three seconds, which incurs
less annotation costs than that for the point-level labels, as
shown in Sec. 2.3. Therefore, the results in Tab. 3 not just
show the better accuracy of the proposed method but also
indicate the superiority of our approach regarding the trade-
off between detection performance and annotation time.

Figure 3 shows the trade-off between detection perfor-
mance and annotation time for AAPL-supervised learning
on THUMOS ’14, including the results with our full objec-
tive and with L only. The intervals between AAPL labels
are 3, 5, 10, and 30 seconds, which are converted to the an-
notation times using Tab. 2. For comparison, it also shows
the results of previous one-stage training methods for video-
level and point-level supervision. For a fixed budget of an-
notation time, our full objective for AAPL supervision is
competitive with the state-of-the-art methods for the other
types of supervision. In addition, our baseline using L, only
already outperforms many of the previous methods. Even
the baseline with 30-second-interval AAPL labels achieves
the average mAP comparable to that of Ma et al. (2020),
even though such sparse AAPL labels can be produced in
one-third of the annotation time for point-level labels. This
strength of the simple baseline illustrates the inherent effec-
tiveness of AAPL supervision.
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Figure 3: Trade-off between detection performance and an-
notation time. The blue squares represent AAPL-supervised
training with L only, the red circles represent that with
our full objective, the gray diamonds represent video-level
methods (Paul, Roy, and Roy-Chowdhury 2018; Min and
Corso 2020; Qu et al. 2021; Huang, Wang, and Li 2022;
Chen et al. 2022; Wang et al. 2023), and the yellow triangles
represent point-level methods (Ma et al. 2020; Ju et al. 2021;
Lee and Byun 2021; Li, Cao, and Ye 2023).

mAP@IoU [%]
Supervision Method 0.50 0.75 0.95 Avg
Video Li, He, and Xu (2022) 7.1 4.0 1.1 4.1
Point Lee and Byun (2021)" 7.8 3.2 0.1 35
AAPL (30 sec.) Ours 106 54 1.8 6.0

Table 4: Detection performance on FineAction. { indicates
the results reproduced by us (Yoshida et al. 2024).

The results on FineAction are shown in Table 4. It shows
that even our proposed method with the most sparse la-
bels outperforms all the previous methods, demonstrating
the strength of AAPL supervision with fine-grained and
sparse actions. Interestingly, LACP (Lee and Byun 2021),
the point-level method outperforming all the video-level
methods on THUMOS 14, struggles with FineAction and
falls short of the point-level approach, HAAN (Li, He, and
Xu 2022). We conjecture this is because of the sparsity of ac-
tion instances in FineAction videos. Very sparse point-level
labels can enable the model to locate likely frames in ac-
tions but might not be informative enough to help a detection



mAP@IoU [%]

Supervision Method 0.5 0.75 095 Avg
Point Lee and Byun (2021) 40.4 24.6 5.7 25.1
AAPL (10 sec.) Ours 413 254 5.8 257
AAPL (30 sec.) Ours 39.6 243 56 24.7

Table 5: Detection performance on ActivityNet 1.3

THUMOS 14 BEOID
3sec. S5sec. 10sec. 30sec. 3sec.
Random sampling 49.9 49.9 482 438 447
Regular intervals  52.1 51.2 495 443 55.2
Clustering 529 516 50.2 45.7 51.6

Table 6: Comparison of different methods of action-agnostic
frame sampling in terms of Avg mAP [%]. The second row
shows the average interval between AAPL labels.

model localize action boundaries. This hypothesis is consis-
tent with the fact that LACP outperforms HAAN in terms
of mAP@0.5, while lagging behind the latter at larger IoU
thresholds; LACP successfully found the actions but failed
to localize them.

Table 5 shows the results on ActivityNet 1.3. For all the
intervals we experimented with, our method achieved the de-
tection accuracy comparable or superior to Lee and Byun
(2021), the state-of-the-art point-level method.

4.4 Analysis

In this section, we analyze and justify some of the design
choices in our approach.

Action-Agnostic Frame Sampling. The design of action-
agnostic frame sampling impacts the detection performance.
To illustrate this, we conducted experiments with three dif-
ferent sampling schemes: random sampling, regular inter-
vals, and clustering-based sampling. The clustering-based
sampling first performs k-means clustering on snippet fea-
tures extracted using a pre-trained model and then selects
the frames closest to the cluster centers (see the extended
version (Yoshida et al. 2024) for details). As shown in Tab. 6,
the sampling at regular intervals and the clustering-based
sampling consistently outperform random sampling.

This suggests that annotating diverse frames is crucial
for achieving good detection performance. Indeed, both the
regular-interval sampling and the clustering-based sampling
tend to enhance the diversity of the annotated frames: the
former does so by reducing the temporal correlation between
the annotated frames, and the latter by selecting frames that
are separated in the embedding space. Which of the two is
better depends on the dataset, as shown in Tab. 6.

Effectiveness of Each Component. The proposed loss
function consists of three components: Ly, Lyiq, and Lpascl.
We also adopt the ground-truth anchored pseudo-labeling
(PL) strategy. To evaluate the effectiveness of each compo-
nent, we conducted the ablation study, as shown in Tab. 7.
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Avg mAP [%]
Lyt Lyvia Lpasa PL THUMOS 14 BEOID
v 40.3 32.0
o/ 42.8 46.2
o/ v 43.6 54.1
o/ v /7 44.3 55.2

Table 7: Effectiveness of each component. AAPL labels for
THUMOS ’14 are sampled at intervals of 30 seconds, and
those for BEOID are sampled at intervals of 3 seconds. “PL”
stands for ground-truth anchored pseudo-labeling.

Avg mAP [%]
THUMOS *14 BEOID
Ly only 40.3 32.0
Ly¢+ BCE loss 40.8 42.0
Lyt + Lyia (Ours) 42.8 46.2

Table 8: Comparison of video losses. AAPL labels for THU-
MOS ’14 are sampled at intervals of 30 seconds, and those
for BEOID are sampled at intervals of 3 seconds.

For both THUMOS ’14 and BEOID, adding each compo-
nent improves the detection accuracy, and the full objective
achieves the best performance. The video loss makes par-
ticularly large contributions, showing that the self-training
strategy based on top-/bottom-k pooling is effective with
AAPL supervision, as with conventional weak supervision.

Form of the Video Loss. The proposed video loss is
adapted specifically for AAPL supervision to handle the in-
completeness of the video-level labels. To demonstrate the
effectiveness of our design of the video loss, we compare
our proposed video loss with the binary cross-entropy (BCE
loss), which is the de facto standard in the field (Lee and
Byun 2021; Li, Cao, and Ye 2023). As shown in Tab. 8, the
forms of the video loss impact the detection performance. In
particular, as shown in the extended version (Yoshida et al.
2024), mAP’s at lower IoU thresholds are affected more than
those at higher thresholds. This is reasonable because the
video loss, as a pseudo-labeling strategy, does not concern
the accurate localization of action instances but does help
mine unlabeled instances.

5 Conclusion

We proposed action-agnostic point-level (AAPL) supervi-
sion for temporal action detection to achieve a better trade-
off between action detection performance and annotation
costs. We also proposed an action detection model and the
training method to exploit AAPL-labeled data. Extensive
empirical investigation suggested that AAPL supervision
was competitive with or outperformed previous supervision
schemes for a wide range of action detection benchmarks
in terms of the cost-performance trade-off. Further analyses
justified our design choices, such as frame sampling at reg-
ular intervals and the form of the video loss.
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