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Abstract: Temporal action localization (TAL) is a task of detecting the start and end timestamps of action instances and
classifying them in an untrimmed video. As the number of action categories per video increases, existing weakly-supervised
TAL (W-TAL) methods with only video-level labels cannot provide sufficient supervision. Single-frame supervision has
attracted the interest of researchers. Existing paradigms model single-frame annotations from the perspective of video snippet
sequences, neglect action discrimination of annotated frames, and do not pay sufficient attention to their correlations in the same
category. Considering a category, the annotated frames exhibit distinctive appearance characteristics or clear action patterns.
Thus, a novel method to enhance action discrimination via category-specific frame clustering for W-TAL is proposed. Specifically,
the K-means clustering algorithm is employed to aggregate the annotated discriminative frames of the same category, which are
regarded as exemplars to exhibit the characteristics of the action category. Then, the class activation scores are obtained by
calculating the similarities between a frame and exemplars of various categories. Category-specific representation modeling
can provide complimentary guidance to snippet sequence modeling in the mainline. As a result, a convex combination fusion
mechanism is presented for annotated frames and snippet sequences to enhance the consistency properties of action discrimination,
which can generate a robust class activation sequence for precise action classification and localization. Due to the supplementary
guidance of action discriminative enhancement for video snippet sequences, our method outperforms existing single-frame
annotation based methods. Experiments conducted on three datasets (THUMOS14, GTEA, and BEOID) show that our method
achieves high localization performance compared with state-of-the-art methods.
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1 Introduction in anomaly detection (Zhou et al., 2021) and video
surveillance (Sultani et al., 2018). TAL is a vital and

Temporal action localization (TAL) is one of the  ¢hajlenging task of locating the start and end time-

main research areas in computer vision and multi-

stamps of the action instances and classifying them
media fields. It has a broad range of potential applications

in untrimmed videos. In the past several years, fully-
or weakly-supervised TAL methods have been pro-

posed. Specifically, fully-supervised TAL (F-TAL)
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ods have achieved promising progress, labeling data is
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which limits the scalability in real-world scenarios. To
overcome these limitations, weakly-supervised TAL
(W-TAL) methods have become increasingly popular.
Concretely, different kinds of information are used for
supervision, such as the number of action instances
(Narayan et al., 2019), video-level category labels
(Wang et al., 2017; Nguyen et al., 2018; Paul et al.,
2018), and single-frame annotation of each action in-
stance (Ma et al., 2020). Since video-level labels need
the weakest clue, indicating whether an action occurs
in an untrimmed video, it becomes the mainstream
method. These methods have achieved some progress.
However, due to the lack of precise action instance
annotations, actions are difficult to distinguish from
complex backgrounds. Additionally, action instances
with the same category often appear repeatedly, or ac-
tion instances of different categories occur alternately
in a video. Therefore, supervision based on video-
level labels cannot offer sufficient supervision, result-
ing in inferior performance.

To solve this issue, the method of single-frame
annotation in W-TAL has been proposed in SF-Net
(Ma et al., 2020). Specifically, only a single-frame
timestamp corresponding to its action category is
annotated for each action instance during training.
Compared with video-level supervision, this supervi-
sion provides useful positioning information with negli-
gible extra labeling cost. However, current methods
(Ju et al., 2021; Lee and Byun, 2021) only start from
the video snippet sequence where the single-frame
annotation is located, and they do not take the action
discrimination of annotated frames or their correla-
tions into account in the video. We believe that the
annotated frames have discriminative characteristic
representations of this action category. Hence, con-
sidering the modeling of annotated frames of the same
category, their correlations are important issues for
single-frame annotation TAL.

The discriminative action expressions of anno-
tated frames are still insufficient, which affects the
improvement of action localization performance. To
cope with this issue, a novel method to enhance ac-
tion discrimination via category-specific frame clus-
tering is proposed for W-TAL. We find that the anno-
tated frames of the same category are the discrimina-
tive action frames, which have distinctive appearance
characteristics or clear action patterns. Therefore, we

employ the K-means clustering algorithm to aggre-
gate the annotated frames of the same category, which
are regarded as exemplars to exhibit the category-
specific feature representation. By calculating the pair-
wise similarity between a frame and exemplars of
various categories, we can obtain the class activation
scores of all annotated frames. Therefore, the action dis-
crimination of the annotated frames is fully exploited,
which provides complementary guidance for video
snippet sequence modeling. In addition, a convex
combination fusion mechanism is presented between
the annotated frames and video snippet sequences to
ensure the consistency of action discrimination. After
fusing, we obtain a more robust class activation se-
quence, which is used for precise temporal action clas-
sification and localization.

W-TAL methods adopt the framework for local-
ization by classification due to the lack of detailed
frame-level annotations. For the classification task,
the model needs to detect only the most discrimina-
tive action snippets that contribute to the classifica-
tion task in the video. For the localization task, the
model needs to detect the complete snippets of action
instances. Therefore, the task of W-TAL is to make a
trade-off between classification and localization, which
have different feature preferences. For predicting com-
plete action instances, GCRNet (Liao et al., 2021)
proposes a global context relation network to model
long-term related action snippets by introducing the
self-attention mechanism. Multi-dimensional attention
(MDA) (Chen et al., 2022) introduces the temporal re-
lation block (TRB) to capture the relationship of long-
term information. Different from them, we directly
employ the VideoMAE model (Tong et al., 2022)
pretrained on the Kinetics400 dataset to extract the
features from the original video snippets and then ob-
tain the global correlation along the temporal dimen-
sion. We do not need complex computation of the self-
attention mechanism and obtain better global infor-
mation. Finally, we fuse the local and global features
to generate a fruitful feature representation for action
localization. In short, our contributions are summa-
rized as follows:

1. A novel method to enhance action discrimina-
tion via category-specific frame clustering is pro-
posed for W-TAL. Specifically, the K-means cluster-
ing algorithm is employed to aggregate the annotated
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distinctive frames of the same category, and then
category-specific feature representation is obtained.
It can provide complementary guidance to enhance
action discrimination for video snippet sequence
modeling.

2. A convex combination fusion mechanism is
presented, which ensures the consistency of action
discrimination between the annotated frames and video
snippet sequence. Then, we can obtain a more robust
class activation sequence for precise action classifica-
tion and localization.

3. Experiments conducted on three classic data-
sets, THUMOS14 (Jiang et al., 2014), GTEA (Lei and
Todorovic, 2018), and BEOID (Damen et al., 2014),
show that our method outperforms state-of-the-art
methods in localization performance.

2 Related works

2.1 Action recognition

Action recognition, sometimes called action
classification, is a subtask of TAL. Recently, many
novel action recognition networks (Lei and Todorovic,
2018; Zhu et al., 2022) have achieved significant per-
formance. For example, temporal cross-layer correla-
tion (TCLC) (Zhu et al., 2022) was proposed to explore
temporal correlations among neighboring frames and
exploit cross-layer multiscale features for action rec-
ognition. These networks are helpful for extracting vi-
sual sequence features from untrimmed videos in TAL
tasks.

2.2 Fully-supervised temporal action localization

F-TAL approaches rely on precise temporal ac-
tion annotations, i.e., frame-level labels during train-
ing. Due to the fine-grained annotations, they have
made impressive progress. In existing works, there
are two types: proposal-based paradigms (Chao et al.,
2018; Zeng et al., 2019) and frame-based paradigms
(Lin TW et al., 2017; Long et al., 2019). Specifically,
the proposal-based paradigm is a two-stage framework,
inspired by the success of region-based convolution
neural networks in object detection. It first generates
action proposals, classifies them, and conducts tem-
poral boundary regression. On the other hand, the
frame-based paradigm is a one-stage framework that

directly predicts frame-level action category and loca-
tion by some postprocessing techniques. Both para-
digms require high annotation costs, and they are time-
consuming, labor-intensive, and error-prone. Hence,
these methods are not suitable for real-world scenarios.
W-TAL has attracted researchers’ attention.

2.3 Weakly-supervised temporal action localization

Compared with full supervision, W-TAL requires
only coarse-grained annotations and low labeling
costs during training. Among existing methods, there
are different kinds of supervision, such as movie
scripts (Bojanowski et al., 2013), web videos (Gan
et al., 2016), temporal action orders (Bojanowski et al.,
2014; Huang DA et al., 2016), and video-level cate-
gory labels (Wang et al., 2017; Nguyen et al., 2018;
Yang WF et al., 2021). Due to the cost of labeling,
W-TAL methods based on video-level category labels
have been the mainstream. Existing video-level su-
pervision methods adopt mainly snippet sequence
based methods for TAL, which are divided mainly into
two paradigms: multi-instance learning (MIL) based
paradigm (Paul et al., 2018; Shou et al., 2018) and
attention-based paradigm (Nguyen et al., 2018, 2019;
Ge et al., 2021). Specifically, the MIL-based para-
digm treats the entire video and its video snippet
sequences as a bag and instances, respectively. The
snippet-level classifier is learned to generate a snippet-
level class activation sequence. Then, the top-k mech-
anism is adopted to select the action snippets in the
video. The attention-based paradigm estimates snippet-
level action probabilities from the raw video directly
and then selects snippets with high activation scores
as action snippets. Both paradigms select the most dis-
criminative action snippets in the video, which makes
the action instances incomplete. Therefore, some re-
searchers have studied the erasing mechanism on this
basis, such as Hide-and-Seek (Singh and Lee, 2017)
and adversarial seeded sequence growing (ASSG)
(Zhang et al., 2019). In short, the localization perfor-
mance has been improved, but there is still a large
gap compared with F-TAL methods. In addition, as
the number of different action categories increases,
video-level annotations cannot offer enough informa-
tion for supervision.

Recently, on the basis of the balance between la-
beling cost and localization performance, single-frame
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annotation based methods have been explored, refer-
ring to the usage of a single frame of each action in-
stance. This supervision provides more abundant in-
formation with an affordable labeling cost. Facing
complex videos with repeated actions of the same cat-
egory or alternately occurring actions of multiple cate-
gories, single-frame supervision brings more action
location information. SF-Net (Ma et al., 2020) and
learning action completeness from points (LACP) (Lee
and Byun, 2021) adopt a pseudo-label mining strategy
to obtain a better class activation sequence (CAS) for
TAL. Subsequently, divide and conquer (DC) (Ju et al.,
2021) adopts a two-stage framework to bridge F-TAL
and W-TAL. However, existing methods have not fully
considered the action image information of the an-
notated single frame. Therefore, in our method, we
propose a dual-branch architecture in parallel form to
make full use of annotated single-frame image infor-
mation as a supplement for snippet sequence model-
ing in the video.

1 Fusion of global and |
! local features

mbedding

Annotated |
single frame |

v

) AT
X Snippet-level '
srb classifier [)

3 Proposed method

3.1 Framework of our proposed method
3.1.1 Motivation and overview

Existing W-TAL methods of single-frame anno-
tation use only video snippet sequences to model ac-
tion or background and ignore the full utilization of
the action discrimination of annotated frames, which
makes the class activation sequence for TAL insuffi-
ciently robust. This may be the main cause of inaccu-
rate and imprecise detection of action instances. There-
fore, a novel method to enhance action discrimination
via category-specific frame clustering is introduced for
TAL. The framework of our method is shown in Fig. 1,
which consists of the mainline, discriminative represen-
tation for action via frame clustering, and the convex
combination fusion mechanism. Specifically, the lower
part of Fig. 1 exhibits the discrimination enhancement
for the action of an annotated single frame, which is

i > i |
Convex combination fusion
mechanism

Snip_pet—level

classification loss

—>| Temporal action localization

TennisSwing N |
Discriminative representation for |
action via frame clustering |

Fig. 1 Overall framework of our proposed method. It consists of the mainline, discriminative representation for action
via frame clustering, and convex combination fusion mechanism of annotated frames and video snippet sequences. A robust
class activation sequence is generated for precise action classification and localization
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the first proposed for TAL. It can provide complemen-
tary guidance information to the video snippet se-
quence branch in the mainline. In the right part of
Fig. 1, a convex combination fusion mechanism is pre-
sented to ensure the consistency of action discrimina-
tion and make the TAL algorithm more robust.

3.1.2 Problem description

Following SF-Net (Ma et al., 2020), we set our
problem of single-frame-level supervision for W-
TAL. Given an untrimmed input video v, a single
timestamp and its action category for each action in-
stance are provided, i.e., P, = {(Z;, y,) WYl in which
the i™ action instance is annotated at the " video
snippet with the action label y,. [N, is the number of

actl
action instances of video v, and act=0, 1, ---, C-1.
ytieRC is a binary vector, i.e., y, .= 1, which repre-
sents the i" action instance belonging to the ¢" action
category; otherwise, V=0, where ¢=0, 1, :--, C-1,
for a total of C action categories. During testing, our
goal is to predict a set of action instances with the
form of {s, e, c, g}, representing the start timestamp,
end timestamp, action category, and its confidence
score for the predicted action instance j, respectively.
Notably, each video may contain multiple action in-
stances and multiple action categories. Therefore, the
video-level label can be obtained by aggregating the
annotations of the annotated frame along the temporal

NRC(
dimension, i.e., y; = / [z Ve 0}, where [ [] is the

i=1

indicator function.
3.2 Mainline
3.2.1 Local and global feature extraction and fusion

Following previous works (Paul et al., 2018;
Lee et al., 2020), we divide a given input video into
nonoverlapping 16-frame snippets. Then, we adopt
the two-stream inflated three-dimensional (3D) (I3D)
network (Carreira and Zisserman, 2017), which is pre-
trained on the Kinetics400 dataset (Kay et al., 2017), to
extract the snippet-level feature representations. Thus,
we obtain a D-dimensional RGB feature and a flow
feature, i.e., XggeeR' “” and X,,eR" ", where T is
the number of video snippet sequences. Note that we
call them the 13D features X, collectively.

Due to the limitation of the receptive field in a
3D network, convolutions are designed to capture

short-range information without long-range depen-
dencies beyond the receptive field. However, as men-
tioned above, we know that existing weak supervision
methods adopt the pipeline of localization by classifi-
cation. I3D features focus on the local snippet-level
features of the video, which are effective only for the
classification task. The localization task requires the
model to detect complete action instances. This indi-
cates that the localization task has different feature
preferences than the classification task. Therefore,
we consider that X,, is not sufficient for W-TAL, re-
sulting in incomplete action instances and limited lo-
calization performance improvement. We think that
modeling long-term temporal snippet dependencies is
important in the task of action localization.

Yang Y et al. (2021) proposed a novel multiple
knowledge representation (MKR) framework, which
learns information from different abstraction levels
and different perspectives. Therefore, MKR has more
explainable and generalizable feature representations.
Inspired by MKR, the global information and local
information are used together to obtain more discrim-
inative features for action classification and localization
in our method. Specifically, we use the Transformer-
based structure to model the global dependencies in
the video to enhance the relationships between long-
term temporal snippets and local common informa-
tion. Different from GCRNet (Liao et al., 2021) and
MDA (Chen et al., 2022), which directly perform a
self-attention mechanism on 13D features, we employ
the VideoMAE model (Tong et al., 2022), which is
also pretrained on the Kinetics400 dataset (Kay et al.,
2017), to extract a global feature representation, i.e.,
X, 0,€R" 7. The inputs of the VideoMAE model are
nonoverlapping 16-frame video snippets, which are
the same as the inputs of the I3D model. Then, we
obtain the global correlation between a snippet se-
quence and the rest of the video along the temporal
dimension. Finally, we fuse X, and X, to obtain
novel fruitful feature representations X, with both
global and local feature information. The expression
is shown as follows:

X

fusion

= o, Xpp T (1 - a )Xglobal’ (D

where o, is a hyperparameter. Note that we do not
need complex computation of the self-attention mech-
anism on I3D features. Instead, through a simple
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fusion mechanism, the fruitful feature has the ability
of local and global feature discrimination, which is
friendly to both classification and localization tasks.
The snippet-level video features X, are fed
into a one-dimensional (1D) temporal convolutional
layer followed by the rectified linear unit (ReLU) ac-
tivation layer to generate the task-specific embedding
feature X, ,. The formula is expressed as follows:

emb*

Xemb = max (Wembeusion + bemb’ 0)9 (2)
where W, and b, are the weight and bias parame-
ters, respectively. The dimension of X, is set to the
same as that of the feature X,

fusion*
3.2.2 Snippet-level class activation sequence

We feed the embedding features into the snippet-
level classifier, which contains a 1D convolutional
layer to predict the snippet-level class activation scores
S.,- The formula is expressed as follows:

Sseq = conv (Xemb7 Wseq )7 (3)

where S, eR"*“"" and the additional class is an
auxiliary background class. After the convolutional
layer, we set the softmax activation layer over the
class dimension, i.e., §;*=soft max (s}%'), where c=
0,1,---,C, =1, 2,---, T, and s}3' is the class activa-
Zlh

seq
te

tion score of the 7" video snippet for the ¢ action cat-

egory of video v.

3.3 Discriminative enhancement representation for
action

Existing single-frame annotation W-TAL meth-
ods use only video snippet sequences to model action
or background and ignore the action discrimination
of annotated frames, which makes the class activation
sequence for action localization insufficiently robust.
We argue that action instances of the same category
should have the same appearance characteristics or
motion patterns, which can be used to represent the
action category. As far as we observe, all the annotated
action frames are distinctive in action instances. There-
fore, a novel method to enhance action discrimination
via category-specific frame clustering is proposed. Spe-
cifically, we divide the annotated frames of the same
category into M typical characteristics by the K-means
clustering algorithm, where M is a hyperparameter.

Then, we take the average pooling on the M typical
characteristics, which are used to represent the feature
representation of each category. On this basis, the TAL
task is formulated as comparing a frame with an exem-
plar of each category. By calculating the similarities,
we obtain the class activation scores. As a result, mod-
eling action discrimination enhancement can provide
complementary guidance information to the video
snippet sequence of the mainline and make the TAL al-
gorithm robust to noise within the local video snippets.

3.3.1 Discriminative representation for action via
category-specific frame clustering

First, all the annotated frames in the same cate-
gory c are grouped into a set N, where ¢=0, 1, ---, C.
Similar to the video snippet sequence, there are C ac-
tion classes and a background class. During the training
phase, the annotated action frames are given, denoted
as P, = (1,,) YNl We generate discriminative back-
ground frames based on the class activation sequence

aseq

s;! in the mainline of the upper part of Fig. 1. Since
there is an annotated frame for every action instance,
there must be at least one background snippet be-
tween two adjacent annotated frames to separate
them. Concretely, we select the snippets whose back-
ground scores §;¢ are larger than the threshold . If
there is no snippet that meets this condition, we
choose the snippet with the highest background score
between the adjacent action frames. Finally, we put

these background snippets together to obtain the
[Nl
i=1°

pseudo background set Py ={(¢,y,=1) } where

bkg=C. Since the untrimmed original video has re-
dundant temporal information, we regard the inter-
mediate frame in the pseudo background snippet as
the sampled background frame.

We adopt ResNetl8 to extract the feature of the
annotated action frame or sampled background frame

f.» which represents the i" annotated frame of video

v, where i=1,2,---,|N| and ¢=0,1,---,C. As
shown in the lower part of Fig. 1, we cluster the an-
notated frames of class ¢ into M typical characteris-
tics via the K-means clustering algorithm, i.e., &=
[ef,e5, -, e, ] By average pooling of M typical
characteristics, we obtain the category feature repre-
sentation e, which is regarded as the exemplar for
class c¢. Therefore, we obtain the category-specific
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feature representation. This formula is shown as
follows:

ef =avg (e, e, -, €y), 4)
where avg(-) represents the average value of M char-
acteristics, andc =0, 1, ---, C.

To classify the annotated frames correctly, we
calculate the similarity scores between the features
of each annotated frame and all exemplars of differ-
ent categories to obtain the class activation scores.
This formula is shown as follows:

_fie
b
[k

framc — COS(f,,e )_

)

where ¢=0,1,---,C, i=1,2, -
represents the activation score of the i
frame for the ¢ category. Note that the activations of
the unannotated frames of the video are set to 0.

|N| and Sframe RC+1

" annotated

Therefore, we obtain the activation scores of video v
from the perspective of the annotated frame. The for-
mula is expressed as follows:

frame

sframe — Sic s 1= ti’ (6)
ke 0, otherwise ,

where ¢, € P, ,UP,,,, which indicates the annotated
frame in the video. Then, we use the softmax normal-
ization operation on the class activation scores of each
annotated frame of video v along the class dimension,

Le., ${“"=soft max (s;"").
3.3.2 Convex combination fusion mechanism

Since the snippet-level class activation sequences
from the mainline are not robust enough for precise
action localization, we need to make full use of the
action discrimination of annotated frames. To make the
distinctive frames participating in the training to co-
operate with snippet sequence modeling, we pro-
pose a convex combination fusion mechanism. It can
enhance the consistency properties of action discrimi-
nation between annotated frames and video snippet
sequences. After fusing, we obtain a more robust
CAS S™UiongR” (€1 for precise action classification
and localization. The formula is shown as follows:

§fus10n — a §seq + (1 _ 0!2

t,e

§frame (7)

e

where a,d 0, 1] is a hyperparameter to control the

fusion

balance. s,;"" represents the final class activation score
of the /" v1deo snippet for category ¢, =1,2, -, T,
and ¢=0,1, ---, C.

To produce video-level class activation scores,
we aggregate the new snippet-level activation scores
by using top-k mean pooling along the temporal di-
mension. Formally, the video-level action score is cal-

culated as follows:

1
Svid,c =7 mgx E a, (8)
kost=k A
SVC Slu>141n[:~c]

where Fng, and S’ represents the subset of & snip-

pets in S™°"[: ¢
larly, we use softmax regularization along the cate-
). Therefore, the
video-level binary cross-entropy loss is calculated as
follows:

], which may contain actions. Simi-

gory axis, i.e., §,, ~softmax (s

vid, ¢ vid, ¢

C

- z [yvid,c log §vid,c

= )
+(1 = yue)log (1 = $40.) ],

where y ., . is the video-level label calculated by ag-
gregating frame annotations of video v.

We use the snippet-level classification loss, which
consists of the annotated action snippets L,, and
pseudo background snippets L,,,. Here, we employ
the focal loss (Lin TY et al., 2017) to train the snippet-
level classification loss because it has been observed
that the numbers of action instances of videos are
different, and that the annotated action frames of
each action category are unbalanced. Therefore, the
classification loss for action snippets, where annotated
frames are located, is calculated as follows:

z%ﬂ

1 A
_ log fuslon
|Nact| \1([ ;‘;P {[

+Za.mnﬁmw%a

"fusmn ))

(10)
"fusmn :'

+(Stu510n )y log (1 "tusmn }’
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where y is the focusing parameter. To separate action
snippets from complicated backgrounds, we need to
select some pseudo background snippets to comple-
ment the annotated action frames. Similar to the an-
notated action frames, we use the focal loss function
as the classification loss for the pseudo background
snippets. The formula is expressed as follows:

[Z (Spylog (1 -

+(1 _ "fusmn )y log "fu510n:|

"fuslon )

Ly, =

bkz,

(11)

where [N,

ground snippets in the video.
3.4 Action completeness modeling

Since the annotated action frames are only a
small part of the action instances, it is not enough to
have the classification loss at the snippet level and
video level for complete action instances. Following
LACP (Lee and Byun, 2021), we employ outer—inner—
contrast (OIC) to calculate the completeness score
score (7, ) of the candidate action instances for sear-
ching the optimal action instances. Therefore, the
optimal action sequence for class ¢ is expressed as
follows:

S
I

= arg max score (7, )

— d
7{(tnsfn5 ;23 nc)nfl}(‘ 0>

(12)

where 75" and ¢{"' represent the start and end time-
stamps of the n™ action instance for category c, respec-
tively. M, is the number of the optimal action instances
for category c. z, € 0,1} is the element of a binary
vector. z, =1 indicates that the n™ action instance be-
longs to the c™ category; otherwise, z,.~0. After-
wards, we employ score separation loss and feature
contrast loss to guide the completeness modeling. We
know that the features of different action instances for
the same category should be closer than any back-
ground instances of video v. Therefore, the formulas

are expressed as follows:

Ly = Eyv,d( 1 = score (7)) (13)

zywd e

c=0

M,
I{EZM > lllfzm, (14)

n=1

c=0 n=1
where
M, 2 Z’ eXp(Ach nc/‘[)
lcm 10 Vn'#n , (15)
- > exp (X, X, /1)

Vn"#n

n=1
§ n,c

n=1

n'is another action instance, which is different from
the n™ action instance of video v, n” is a background
sequence of the same video, and 7 is a hyperparameter.

3.5 Joint training and inference

The overall loss function of our model is as follows:

Ly = Lyig + ALy + j‘lLbkg T Ay Lore T A3 Ly (16)

total
where 1,—A1, are the hyperparameters used to balance
the loss function.

We use our model to localize the action instance
of test videos after training. During the test phase, we
select the intermediate frame in each snippet of the
test videos as the single frame in the static branch for
extracting single-frame-level features. Then, the fused
snippet-level class activation sequence $™" is used
for inference. Specifically, we leave action categories
with classification scores larger than the threshold 4.,
For the remaining categories, we localize the action
instances on the snippet-level activation scores with
the threshold 8,,. Afterward, the consecutive snip-
pets are merged into the candidate proposals. A multi-
threshold approach is employed for @, to enrich ac-
tion instances, and nonmaximum suppression (NMS)
is performed to remove the high overlap proposals.
Similarly, we use OIC to calculate the confidence
score of each proposal.

4 Experiments

4.1 Datasets and evaluation metrics

We conduct our experiments on three popular
datasets: THUMOS14 (Jiang et al., 2014), BEOID
(Damen et al., 2014), and GTEA (Lei and Todorovic,
2018). For fairness, during training, we use the single-
frame annotation of each action instance labeled in
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SF-Net (Ma et al., 2020). THUMOS14 contains 200
validation videos for training and 213 test videos for
test, with a total of 20 action categories. Each video
consists of an average of approximately 15 action in-
stances, and there are 3007 single-frame annotations
available in the training videos. The lengths of video
and action instance vary widely, so it is challenging
to locate the action instances. BEOID has a total of
58 videos in 34 action categories. Following Molti-
santi et al. (2019), we split the videos randomly with
a proportion of 8:2 for training and test, and we ob-
tain 594 single-frame-level annotations. GTEA covers
28 untrimmed videos in seven categories of daily ac-
tivities in a kitchen, including 21 videos for training
and 7 videos for test. Each video contains 17.5 action
instances on average.

We evaluate the mean average precision (mAP)
under different temporal intersection over union (t-loU)
thresholds for action localization following the stan-
dard protocol. The action proposal is regarded as cor-
rect when the predicted action class is correct and its
t-IoU with the ground truth (GT) is larger than the
preset threshold. The localization performances at
small t-IoU thresholds indicate the ability to detect
actions, and those at high t-IoU thresholds indicate
the completeness of the predicted action instances.

4.2 Implementation details

During the stage of feature extraction and fusion,
we employed the 13D network (Carreira and Zisser-
man, 2017) and VideoMAE model (Tong et al., 2022),
which were both pretrained on Kinetics400 (Kay
et al., 2017), to extract the video’s local and global fea-
tures, respectively. Each video was split into snippets
with 16 nonoverlapping frames. The total variational
with L1 norm (TV-L1) algorithm (Wedel et al., 2009)
was used to obtain the optical flow maps. All the local
RGB and optical flow features and global features were
1024 dimensional. Following LACP (Lee and Byun,
2021), we used the original number of snippets as T’
without sampling. We optimized our model by Adam
(Kingma and Ba, 2014) with a learning rate of 107
and a batch size of 16. We set the video-level classifi-
cation threshold 6,
ization threshold 6,

act

to 0.5 and the snippet-level local-
from 0 to 0.25 with a step size of
0.05. We determined hyperparameters by grid search:
0,=0.9 in Eq. (1), 2,=0.9 in Eq. (7), y=2 in Egs. (10)

and (11), =0.1 in Eq. (15), # = 0.95 in Section 3.3.1,
and 1,=0.5 and 4,=1,=1,=1 in Eq. (16). NMS was
performed with a threshold of 0.6.

4.3 Comparison with state-of-the-art methods

In Table 1, we compare our method with some
state-of-the-art F-TAL and W-TAL methods on the
THUMOS14 dataset. We show the mAP under t-IoU
thresholds from 0.1 to 0.7 and the average mAP. We
divide the literature into three categories according to
the supervision methods, i.e., fully-supervised meth-
ods with frame-level labels, weakly-supervised meth-
ods with video-level labels, and weakly-supervised
methods with single-frame-level labels. It is worth
noting that F-TAL methods with frame-level labels
require more expensive annotation costs than W-TAL
methods, while in W-TAL methods, the methods with
a single-frame-level label have annotation costs com-
parable to video-level methods.

In the comparisons, we can see that our method
far outperforms RSKP (Huang et al., 2022b), which
is a video-level W-TAL method, and the average mAP
value increases from 45.1% to 53.7%. This is because
of the single-frame-level label supervision, which en-
sures that all action instances in the video can be
detected, reducing the false positives (FPs) and false
negatives (FNs). Whether at the low or high t-IoU
threshold, the localization performance is greatly im-
proved. This indicates that both the ability to recog-
nize actions and the completeness of action instances
of our proposed model have been greatly improved.
When compared with SF-Net (Ma et al., 2020), which
was the first to propose single-frame annotation in-
formation for TAL, mAP has been improved from
9.6% to 22.1% when t-IoU=0.7, nearly 2.5 times. This
illustrates that the action instances detected by our
method are more complete. Likewise, compared with
LACP (Lee and Byun, 2021), which is a single-frame-
level method, our performance is better, especially at
high thresholds of 0.5 and 0.6, and the performances
are improved by 3.3% and 3.8%, respectively. This
verifies the effectiveness of our method for complete-
ness learning, which further confirms that modeling
the image information of annotated single frames is
complementary to the modeling of video snippet se-
quences, and it is beneficial to TAL. Furthermore, our
method even performs on par with F-TAL methods
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Table 1 Comparison with state-of-the-art methods of mAP under different kinds of supervision at t-IoU thresholds from

0.1 to 0.7 and the average mAP on the THUMOS14 dataset

.. mAP (%)
Supervision Method Average (%)
t-ToU=0.1 02 0.3 04 05 06 07
SSN (Zhao et al., 2017) 66.0 594 519 410 298 19.6 107 39.8
TAL-Net (Chao et al., 2018) 532 485 428 338 2038
Full (frame-level) P-GCN (Zeng et al., 2019) 69.5 67.8 63.6 57.8 49.1
G-TAD (Xu et al., 2020) 545 47.6 402 30.8 234
AFSD (Lin CM et al., 2021) 67.3 624 555 437 31.1
STPN (Nguyen et al., 2018) 52.0 447 355 258 169 99 43 27.0
W-TALC (Paul et al., 2018) 55.2 49.6 40.1 31.1 228 148 176 31.6
CMCS (Liu et al., 2019) 57.4 50.8 412 321 231 150 7.0 324
WSBM (Nguyen et al., 2019) 60.4 56.0 46.6 375 268 17.6 9.0 36.3
BaS-Net (Lee et al., 2020) 58.2 523 44,6 360 270 18.6 104 353
DGAM (Shi et al., 2020) 60.0 542 46.8 382 288 198 114 37.0
Weak (video-level) TSCN (Zhai et al., 2020) 63.4 57.6 47.8 377 287 194 102 37.8
DSSN (Ge et al., 2021) 57.8 49.7 41.0 323 224
UGCT (Yang WF et al., 2021) 69.2 629 555 465 359 238 114 43.6
FTCL (Gao et al., 2022) 69.6 634 552 452 356 237 122 43.6
MDA (Chen et al., 2022) 69.7 63.1 552 466 356 250 144 442
MMSD (Huang et al., 2022a) 69.7 643 546 450 364 230 123 43.6
RSKP (Huang et al., 2022b) 71.3 653 558 475 382 254 125 45.1
SF-Net (Ma et al., 2020) 71.0 634 534 407 293 184 96 40.8
DC (Juetal., 2021) 72.8 649 581 464 345 218 119 443
Weak (single-frame-level) BackTAL (Yang L et al., 2022) 544 455 363 262 148
LACP (Lee and Byun, 2021) 75.7 714 64.6 565 453 345 218 52.8
Ours 76.8 723 651 572 46.8 358 22.1 53.7

at lower t-IoU thresholds with much lower annotation
costs. However, our method still lags behind state-of-
the-art methods because of the lack of frame-level an-
notation information.

Similarly, we compare our method with state-of-
the-art single-frame-level methods on the GTEA and
BEOID datasets in Table 2. We show mAP under t-IoU
thresholds of 0.1, 0.3, 0.5, and 0.7 and the average
mAP from 0.1 to 0.7 at a step size of 0.1. From both
datasets, we can see that our method outperforms
LACP (Lee and Byun, 2021). It is worth noting that
the localization performance improves more at high
t-IoU thresholds of 0.5 and 0.7. This indicates that
our method can learn more complete action instances.
As a result, modeling action discrimination of anno-
tated single-frame images plays a good supplementary
role for snippet sequence modeling in TAL tasks,
which confirms the effectiveness of our method.

From Tables 1 and 2, we can see that our method
is superior to state-of-the-art methods at most t-IoU
thresholds. In particular, at some high t-loU thresholds,

the localization performance boosts more. The main
reason is that modeling action discrimination via
category-specific frame clustering provides supple-
mentary guidance for video snippet sequence model-
ing. Additionally, to ensure the consistency of action
discrimination between annotated frames and video
snippet sequences, we present a convex combination
fusion mechanism. This allows us to generate a more
robust class activation sequence for accurate and pre-
cise action localization.

4.4 Ablation study

We conduct extensive ablation studies to verify
the effectiveness of our proposed two-branch network.
Following the methods of DC (Ju et al., 2021) and
LACP (Lee and Byun, 2021), we perform all abla-
tion experiments on the THUMOS 14 dataset.

4.4.1 Effectiveness of snippet-level fusion features

In the baseline of the upper part of Fig. 1, we
adopt a feature fusion, which consists of 13D features
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Table 2 Comparison with state-of-the-art methods of mAP at different t-IoU thresholds on GTEA and BEOID datasets

mAP (%)
Dataset Method Average (%)
t-IoU=0.1 0.3 0.5 0.7
SF-Net (Ma et al., 2020) 58.0 37.9 19.3 11.9 31.0
GTEA DC (Juetal., 2021) 59.7 383 21.9 18.1 33.7
LACP (Lee and Byun, 2021) 63.9 55.7 339 20.8 435
Ours 64.3 56.0 34.5 214 43.9
SF-Net (Ma et al., 2020) 62.9 40.6 16.7 3.5 30.9
DC (Juetal., 2021) 63.2 46.8 20.9 5.8 34.9
BEOID BackTAL (Yang L et al., 2022) 60.1 40.9 21.2 11.0 32.5
LACP (Lee and Byun, 2021) 76.9 61.4 42.7 25.1 51.8
Ours 77.2 61.9 43.1 25.8 52.2

Average is the average mAP under t-IoU of 0.1 to 0.7 at a step size of 0.1

and VideoMAE features. To verify the effectiveness
of our fusion features, we conduct experimental com-
parisons of a, in Fig. 2. We use mAP at t-IoU thresh-
olds of 0.1, 0.3, 0.5, and 0.7 as the performance metric.

From Fig. 2, we can see that when «,=1.0 and only
the I3D feature is used, when t-IoU=0.1, 0.3, 0.5, and
0.7, the mAPs are 75.0%, 63.6%, 44.7%, and 20.2%,
respectively. When «,=0.9, all localization performanc-
es are boosted. In particular, when the t-IoU threshold
is 0.5, the performance is improved by 4.7%, as «,
is from 1.0 to 0.9. However, as a, gradually decreases,
the localization performance begins to decrease. This
shows that when a,=0.9, it is the best choice. There-
fore, in our model, we set the hyperparameter «,=0.9.

- -tloU0.1 -# -tloU03 t-loU 0.5 t-loU 0.7
85.01
75.0 76.8 75.5 74.8
75.0F SRRt s Al inb bt SEEEE SR .
63.6 65.1 636 63.0
65.0f B B S e
g 55.0f
o 44.7 46.8 437 431
< 450 ] : S
35.0F
250F 202 224 200 189
150 1 1 1 1
1.0 0.9 0.8 0.7
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Fig. 2 Localization performance for mAP with different
fusion features on the THUMOS14 dataset

4.4.2 Comparisons of different numbers of typical
characteristics

In the action discriminative representation branch
of the lower part of Fig. 1, the annotated frames in the
same category are divided into M typical characteristics

by the K-means clustering algorithm. We analyze the
effect of clustering the annotated frames into M classes
on localization performance in Table 3. We divide
each category into 5, 3, and 1 typical characteristic.
Then, the typical characteristics are averaged to obtain
the action features for each category. We use mAPs at
t-IoU thresholds under 0.1, 0.3, 0.5, and 0.7 and the
average from 0.1 to 0.7 with a step size of 0.1.

Table 3 Performance comparison of different numbers of
typical characteristics M on the THUMOS14 dataset

. mAP (%)
Clustering Average (%)
t-JoU=0.1 0.3 0.5 0.7
M=5 76.3 648 463 217 53.3
M=3 76.8 65.0 456 206 53.0
M=1 76.8 65.1 46.8 22.1 53.7

Average is the average mAP under t-IoU of 0.1 to 0.7 at a step size
of 0.1

From Table 3, we can see that when M=1, the lo-
calization performance at all t-IoU thresholds reaches
optimality. This is reasonable, indicating that each cate-
gory has a unique action feature representation. There-
fore, in our model, we set the hyperparameter M = 1.

4.4.3 Effectiveness of discriminative representation
for action

In our model, we propose a novel method to
enhance action discrimination via category-specific
frame clustering. To verify the effectiveness of the
annotated single-frame discriminative representation,
we perform several experimental comparisons of a,
in Fig. 3.
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Fig. 3 Impact of annotated single-frame image information
on the localization performance on the THUMOS14 dataset

Similarly, we use mAP at t-IoU thresholds of 0.1,
0.3, 0.5, and 0.7 as the performance metric. Note that
a,=1.0 represents that only the video snippet sequence
is modeled to generate CAS for TAL without any ac-
tion discrimination enhancement. When o,=0.9, 0.8,
and 0.7, they represent different proportions of action
discriminative enhancement via frame clustering. From
Fig. 3, compared with a,=1.0, we can see that when
0,=0.9, the localization performance at all t-IoU
thresholds has improved. This shows that annotated
single-frame modeling can provide complementary
guidance information to video snippet sequence mod-
eling, which further verifies that our method to enhance
action discrimination via category-specific frame clus-
tering is effective. However, as the value of a, de-
creases, we find that the localization performance de-
creases. When a,=0.9, the performance reaches opti-
mality. Therefore, we set the hyperparameter «,=0.9
in our model.

4.4.4 Complexity analysis for the clustering algorithm
in the model

In our method, on the basis of the mainline, an-
notated single-frame image information is introduced
as guidance to enhance action discrimination, and
we adopt the K-means clustering algorithm to obtain
category-specific action features. The discriminative
representations of the action branch and the mainline
branch are parallel. Therefore, the number of parame-
ters of our model is unchanged when compared with
LACP.

In the discriminative representation for the ac-
tion of the lower branch of Fig. 1, the K-means clus-
tering algorithm is adopted, and the time complexity

of discriminative representation for the action branch
is O (Cx|NxDxk), where |N | represents the num-
ber of annotated frames for the ¢™ action category,
and CX|N | represents the number of annotated single-
frame images. D represents the feature dimension of
the annotated single-frame image, and k represents the
number of iterations. Usually, the number of action
categories C, the feature dimension D, and the number
of iterations k are constants. Therefore, the time com-
plexity for the clustering algorithm in our model is
linearly related to |NV,|.

The convergence of our method requires a negli-
gible extra time compared to LACP because we have
only a fusion mechanism with single-frame image in-
formation. However, the accuracy of our detection
performance is improved at all t-loU thresholds.

4.5 Qualitative comparison

We conduct qualitative analysis on the THUMOS14
dataset to obtain an intuitive understanding of our dual-
branch network. We compare our method with SF-Net
(Ma et al., 2020) and LACP (Lee and Byun, 2021) in
Fig. 4. We provide two action examples with different
action categories, namely, CleanAndJerk and Diving.
The horizontal axes denote the timestamps of videos.
The red boxes indicate that the action frames are not
detected by SF-Net but are detected by our method
and LACP. This shows that simply mining pseudo ac-
tion frames and pseudo background frames is prone
to generate FPs and FNs.

From Fig. 4, we can see that SF-Net (Ma et al.,
2020) produces many fragmentary action examples,
while the action examples detected by our method
and LACP (Lee and Byun, 2021) are relatively com-
plete. This is because LACP employs two loss func-
tions to model action completeness. The predictions
produced by our method are much closer to those of
GT. This is because our proposed method uses action
discrimination enhancement via category-specific
frame clustering, and we can find that the detected
action instances are more complete and accurate.
This indicates that high-quality single-frame annota-
tion information assists in generating discriminative
class activation sequences, resulting in accurate action
instances. This further verifies the feasibility of our
method.
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Fig. 4 Qualitative comparisons with SF-Net (Ma et al.,
2020) and LACP (Lee and Byun, 2021) on the THUMOS14
dataset: (a) an example of CleanAndJerk; (b) an example
of Diving (References to color refer to the online version of
this figure)

5 Conclusions

A novel method to enhance action discrimina-
tion via category-specific frame clustering is proposed
for W-TAL. Specifically, we make full use of anno-
tated frames in the video to enhance the action dis-
criminative representation. Since all the annotated
frames in the video are discriminative, we cluster the
representative annotated frames from the same cate-
gory to obtain category-specific representations. The
single-frame-level class activation score is generated
by calculating the similarities between the frame and
various categories. Then, a convex combination fu-
sion mechanism between annotated frames and video
snippet sequences is presented to ensure the consis-
tency of action discrimination for generating a robust
class activation sequence. Experiments conducted on
three popular datasets validate that single-frame image
modeling can provide complementary guidance infor-
mation to the video snippet sequence, and our method

outperforms state-of-the-art methods. Our method can
be effectively applied to untrimmed/trimmed videos,
which have the same action categories and similar
scenes. When the scene changes greatly and the action
categories are different, the model needs to be re-
trained before it is applied. In the future, we will carry
out research on cross-domain action localization to
improve the generalizability of our method, which may
have more real-world applications.
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