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Abstract

Weakly-supervised temporal action localization (WTAL)
aims to identify and localize action instances in untrimmed
videos using only video-level labels. Existing methods typ-
ically rely on original features from frozen pre-trained en-
coders designed for trimmed action classification (TAC)
tasks, which inevitably introduces task discrepancy. Addi-
tionally, these methods often overlook the importance of
considering action consistency from multiple perspectives,
specifically the consistency in action processes and action
semantics, both of which are crucial for the model’s under-
standing of actions. To address these issues, we propose a
novel WTAL method based on similar modality enhancement
and action consistency learning (SEAL). First, we con-
struct global descriptors for each action category, and use
the pseudo-labels generated based on these descriptors to
guide the model in learning more consistent representations,
thereby mitigating task discrepancy. Second, we design two
types of losses to achieve action consistency learning: pro-
cess consistency loss, which penalizes candidate proposals
that deviate from the action center to ensure the completeness
of the action process, and semantic consistency loss, which
employs local descriptors to help proposals of the same action
category (especially those with apparent semantic confusion)
learn similar feature distributions. Extensive experiments on
the THUMOS14 and ActivityNet datasets demonstrate the
superior performance of the proposed method compared to
state-of-the-art methods.

Code — https://github.com/Lkydong2020/SEAL WTAL

Introduction
Temporal Action Localization (TAL) aims to accurately lo-
cate action instances in untrimmed videos (Wang et al.
2023), enabling broad applications in video editing (Tejero-
de Pablos et al. 2018), industrial video analysis (Li and Zhao
2021), intelligent surveillance (Yun et al. 2019), human-
computer interaction (Vignolo et al. 2017), and more.

To date, most research efforts in TAL have been based on
fully supervised methods (Lin et al. 2019; Zhao et al. 2022;
Zhang, Wu, and Li 2022). However, fully supervised TAL
(FTAL) relies on meticulously annotated frame-level labels,
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Figure 1: Conceptual illustration of consistency in learn-
ing. At a global level, enforcing cross-modal consis-
tency—aligning RGB and flow representations toward
shared target categories—reduces task discrepancies and
mitigates the impact of noisy or modality-specific artifacts.
At a local level, promoting semantic similarity among pro-
posals from the same action class fosters more coherent fea-
ture distributions, thereby enhancing the model’s discrimi-
native capability and improving localization accuracy.

which are costly and time-consuming in real-world applica-
tions (Li et al. 2023). In contrast, Weakly Supervised Tem-
poral Action Localization (WTAL) (Li et al. 2023; Wang
et al. 2017) only requires video-level labels, which has there-
fore attracted increasing attention from researchers.

Recent WTAL methods predominantly adopt a segment-
level multiple instance learning framework (S-MIL) (Wang
et al. 2017; Huang, Wang, and Li 2021; Luo et al. 2020a)
within the pre-classification pipeline. Based on a finely de-
signed two-branch architecture, S-MIL is able to paral-
lelize the processing of original RGB features and optical
flow features extracted from frozen pre-trained encoders and
transform the localization task into a classification task. In
this framework, the class-aware branch is used to generate
segment-level class activation sequences (CAS), which pro-

The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

4842



vide segment-level category information, while the class-
agnostic branch is used to generate segment-level fore-
ground scores. By integrating the output sequences of both
branches and applying manually designed multi-threshold
strategies, the model generates numerous high-quality ac-
tion proposals for effective temporal region detection.

However, most architectures, including S-MIL, typically
rely on frozen pre-trained encoders designed for trimmed
video action classification tasks. Due to the differing ob-
jectives of these tasks, these segment-level video encoders
often overlook the handling of action boundaries and back-
ground frames, inevitably introducing task discrepancy (Xu
et al. 2021). To address this issue, some studies (such as
(Hong et al. 2021)) have encouraged cross-modal (or cross-
branch) mutual supervision and collaboration to mitigate
task discrepancy and enhance localization performance. Al-
though the specific implementations vary, there is an un-
derlying consensus: maintaining consistency in the learn-
ing process can lead to higher-quality localization results.
Specifically, leveraging the complementarity of different
modalities helps disregard task-irrelevant information, as
illustrated in Figure 1. However, achieving this typically
necessitates the incorporation of additional learning lay-
ers for feature refinement or the development of sophisti-
cated pseudo-label strategies. In contrast to these schemes,
we designed the relatively simple and lightweight Simi-
lar Modality Enhancement (SME) Module, which corrects
the learning direction of the model solely through the use
of simple pseudo-labels. Specifically, we fully leverage the
original input features to construct hard-global descriptors
(Appearance and Motion Descriptors) for each action cat-
egory, preserving a feature distribution similar to the orig-
inal. By utilizing the similarity scores calculated between
these descriptors and the original video features, we gener-
ate high/moderate-confidence pseudo-labels. These pseudo-
labels guide the classifier to learn more consistent represen-
tations, further mitigating task discrepancy.

Moreover, the attention mechanism in the dual-branch S-
MIL architecture disproportionately emphasizes the most
discriminative segments of an action, hindering the model’s
ability to capture the complete temporal dynamics of ac-
tion instances. Additionally, as shown in Figure 1, since
the main goal of existing methods is to precisely distin-
guish between foreground and background using confidence
scores rather than thoroughly exploring the semantics of
each frame, the model often neglects the semantic consis-
tency of segments within the same action category. This
may cause the model to confuse semantics when handling
segments of the same action category and lead to the ac-
cumulation of noise and uncertainty when aggregating pro-
posal scores, making it difficult to accurately regress tem-
poral boundaries. To address these issues, we observed ac-
tions from multiple perspectives and proposed Action Con-
sistency Learning (ACL). This mechanism is implemented
through two newly designed loss functions: Process Consis-
tency (PC) Loss and Semantic Consistency (SC) Loss. The
process consistency loss treats the central region of each ac-
tion instance as the action center of the action process. Given
the same Intersection over Union (IoU), candidate propos-

als that capture the action center are considered to have bet-
ter process consistency, thereby encouraging the model to
generate more complete localization results. The semantic
consistency loss assumes that features of the same action
category share a consistent semantic space. It aggregates
proposal-level features that yield coherent classification out-
comes under different classification methods (basic/back-
ground suppression) into soft-local descriptors. These de-
scriptors update dynamically to provide supervisory signals
aligned with the model’s training progress, thereby enhanc-
ing semantic consistency among features associated with the
same action category. The synergy between these two losses
enables the model to comprehensively learn more consistent
action representations, achieving more accurate localization.

Overall, our contributions can be summarized as:

• We propose a SME module deriving two sets of pseudo-
labels from original features, guiding the model to-
ward balanced, consistent cross-modal representations,
thereby alleviating task discrepancies.

• We propose an ACL mechanism that includes a PC Loss,
which ensures action completeness by penalizing propos-
als failing to capture the action center, and a SC Loss,
which refines the model’s semantic understanding of pro-
posals through soft-local descriptors, thereby improving
localization accuracy.

• Extensive experiments on the THUMOS14 and Activi-
tyNet datasets demonstrate that SEAL outperforms sev-
eral state-of-the-art methods in terms of performance.

Related Work
Fully Supervised Temporal Action Localization. FTAL
relies on frame-level annotations to localize actions in
untrimmed videos. Existing methods are categorized into
anchor-based (Gao et al. 2017; Lin, Zhao, and Shou 2017)
and anchor-free approaches (Yang et al. 2020; Lin et al.
2021). Anchor-based methods include single-stage (Yang
et al. 2022) and two-stage approaches (Kang et al. 2023):
the former predicts boundaries and categories simultane-
ously, while the latter first generates proposals using pre-
defined anchors, followed by boundary regression and cat-
egory prediction. In contrast, anchor-free methods directly
regress instance boundaries without anchors, offering sim-
plicity and robustness but facing temporal center uncer-
tainty issues (Wang et al. 2023). Overall, the labor-intensive
precise annotations, while bringing higher performance to
FTAL, also represent its primary bottleneck for expansion
into the real-world scenarios.

Weakly Supervised Temporal Action Localization. In
contrast to FTAL, WTAL requires only video-level labels.
WTAL methods generally fall into two categories: pre-
classification (Lee, Uh, and Byun 2020; Ma et al. 2021)
and post-classification pipelines (Xu et al. 2019). Pre-
classification pipelines apply temporal convolution to clas-
sify each frame, then aggregate these predictions (e.g., via
Top-K pooling) to derive video-level labels. Among these,
the Multiple Instance Learning (MIL) framework (Luo et al.
2020b) is highly influential, with S-MIL emerging as one
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Figure 2: Overview of the Proposed Framework. Our method integrates two key modules—SME and ACL—that collabora-
tively refine representations and enhance localization. The SME module leverages original input features to construct hard-
global descriptors for each action category, generating two types of pseudo-labels that guide the model toward more consistent
representations. Meanwhile, the ACL module applies two specialized loss functions, PC loss and SC loss, ensuring complete
proposals and aligning semantic features among proposals of the same category.

of its most popular implementations. In contrast, post-
classification pipelines first evaluate frame-level task rele-
vance to assign attention weights, then aggregate weighted
features into video-level predictions. Attention-based meth-
ods (Islam, Long, and Radke 2021) are a well-known ex-
ample, focusing on distinguishing action frames from back-
ground frames through generated attention maps.

Facing the task discrepancy problem addressed in this pa-
per, early approaches often pursued cross-modal collabo-
ration. For example, (Hong et al. 2021) proposed a cross-
modal consensus network that partitions modalities into
primary and auxiliary streams to filter out task-irrelevant
information. More recent efforts emphasize pseudo-label-
based methods (Huang, Wang, and Li 2022): ASMLOC
(He et al. 2022) employs MIL to generate action proposal
pseudo-labels, while (Yun et al. 2024) construct high-fidelity
pseudo-labels by inferring salient segment features. In con-
trast, we derive pseudo-labels directly from original fea-
tures, focusing on how the model learns from both modal-
ities, resulting in a lighter and simpler approach. Regard-
ing action consistency, the most relevant work (Wang, Li,
and Wang 2023) integrates a learnable dictionary with static
class centers to capture semantic correlations among seg-
ments. Our method, however, constructs soft-local descrip-
tors from predicted proposal-level features, enabling dy-
namic and flexible semantic consistency learning. Addi-
tionally, we consider action completeness from a motion-
process perspective, ensuring more accurate and robust lo-
calization. These two aspects jointly form our action consis-
tency learning.

Method
Problem Definition
Given a set of N untrimmed videos V = {vi}Ni=1 con-
taining C different action categories, with only video-level
multi-hot encoded category labels Y = {yi}Ni=1 provided
for training, the task is to predict a set of action instances
Λi = {(sj , ej , cj , qj)}Mj=1 for each test video vi during the
inference phase. Here, yi ∈ RC+1, and the additional cate-
gory is the background category. If action category c appears
in the i-th video, then yci = 1; otherwise, it is 0. M repre-
sents the number of proposals. sj , ej , cj , and qj correspond
to the start time, end time, category, and confidence of the
j-th action segment in the i-th video, respectively.

Pipeline Overview
The overall framework of our SEAL is shown in Figure 2.
Segment-level Feature Extraction. Following most pre-
vious works, each untrimmed video is divided into non-
overlapping 16-frame segments, yielding T total segments.
A pretrained extractor is then used to obtain segment-level
RGB stream features fRGB ∈ RT×D and optical flow fea-
tures fflow ∈ RT×D, where D denotes the feature dimen-
sion. These two features are concatenated to form the origi-
nal input feature f ∈ RT×2D.
Proposal-based Framework. In this work, we adopt a
proposal-based learning framework (Ren et al. 2023) to con-
struct the base model, ensuring scoring consistency during
training and inference. The SCFE (Ren et al. 2023) module
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is also introduced to preserve the spatiotemporal continu-
ity of video actions. Using proposal-level features fprop =
SCFE(f) ∈ RM×2D and candidate proposals generated
by the pretrained S-MIL model without post-processing, the
framework supports flexible training and inference.
Similarity Modality Enhancement. As shown in Figure
2, the SME module consists of SME-R and SME-F, cor-
responding to inputs from two modalities. SME-R con-
structs appearance descriptors for all action categories,
while SME-F builds action descriptors. Together, these form
the Hard-global Descriptors. Using the category scores from
the similarity calculation between Hard-global Descriptors
and video features, the model generates high/moderate-
confidence pseudo-labels to supervise consistent action rep-
resentation learning.
Action Consistency Learning. ACL consists of process
consistency loss and semantic consistency loss. In terms of
implementation, the semantic consistency loss relies solely
on the basic classification score sbase and background sup-
pression score ssupp from the base model’s dual-branch
head. To enable process consistency loss, we introduce a
dedicated process consistency branch to predict correspond-
ing scores. Finally, the model fuses these three types of
scores to produce the final localization.

Similar Modality Enhancement Module
The SME module generates two types of pseudo-labels to
guide the learning process, enabling the model to produce
action representations better suited for the localization task.
Specifically, it consists of two key components:
Hard-global Descriptors. The Hard-global Descriptors are
composed of an Appearance Descriptor, which suggests
visual recognition information, and a Motion Descriptor,
which indicates progressive motion information. Taking the
construction of the Appearance Descriptor as an example,
for the c-th action category, assuming there are mc videos
of the same category, the RGB features can be denoted as
f c
RGB ∈ Rmc×T×D. Based on the assumption that video

features of the same action category should have similar se-
mantics, we can obtain two different scales of aggregated
features:

Sc
RGB =

1∑mc

i=1 Ti

mc∑
i=1

Ti∑
t=1

f c
RGB [i, t, :] ∈ RD (1)

Vc
RGB =

1

mc

mc∑
i=1

(
1

Ti

Ti∑
t=1

f c
RGB [i, t, :]

)
∈ RD (2)

where Sc
RGB represents the segment-level appearance de-

scriptor for action category c, emphasizing the frame-level
semantic correlation of the action. On the other hand, Vc

RGB
represents the video-level Appearance Descriptor for cate-
gory c, which focuses more on intra-class variations across
different videos, highlighting the semantic relationships be-
tween actions at the video level. For the sake of simplicity,
we assume that one of these methods is chosen to construct
the Appearance Descriptor, denoted as Dap,c. Then, the set
of Appearance Descriptors for all C action categories can be

represented as:

Dap = [Dap,1, · · · Dap,c, · · · Dap,C ] ∈ RC×D (3)

Similarly, the Motion Descriptor set Dmo ∈ RC×D is de-
fined in the same manner as Dap.

By concatenating the two descriptor sets, the Hard-global
Descriptor can be obtained as:

Dhard = cat[Dap,Dmo] ∈ RC×2D (4)

Compared to the original features, the Hard-Descriptors
highly encapsulate the core semantic information of differ-
ent action categories, including visual characteristics, mo-
tion dynamics, and overall representation, with reduced
noise and enhanced robustness. The frame-level descriptors
focus on the refinement of local features, while the video-
level descriptors provide a unified expression from a global
perspective. Both types, to varying degrees, reflect the es-
sential characteristics of actions and the underlying semantic
correlations, which form the foundation of our research.
High/Moderate-Confidence Pseudo-labels. Based on the
aforementioned design, pseudo-labels are constructed to
guide proposal learning. To effectively leverage the comple-
mentarity between the two modalities, the model aggregates
latent information from both streams as supervisory signals.
Specifically, given the feature fn ∈ RT×2D of the current
n-th video, cosine similarity is used to calculate the similar-
ity scores sap,n and smo,n between its features and the two
descriptor sets:

sap,n = norm
(
cos
(
f̂RGB,n,Dap

))
∈ RC , (5)

smo,n = norm
(
cos
(
f̂flow,n,Dmo

))
∈ RC , (6)

where f̂RGB,n and f̂flow,n represent the video-level RGB
and optical flow features obtained by pooling along the tem-
poral dimension of the n-th video, respectively. For effective
localization, the cues provided by features from both streams
should exhibit high consistency. Thus, the action category
determined by the maximum of the two similarity scores is
expected to be the same. Therefore, we classify the scoring
scenarios into three categories:
• The categories determined by both scores belong to the

same class.
• The category determined by one of the scores matches

the category determined by the average of the two scores.
• The categories determined by both scores and the cate-

gory determined by the average similarity score are all
different.

We consider that the video features in the first category
exhibit strong cross-modal consistency. The pseudo-labels
constructed using the average similarity score in this case are
referred to as high-confidence pseudo-labels, represented as
follows:

ℓH,n = onehot(argmax((sap,n + smo,n)/2)) (7)

In the second category, the video features have the po-
tential to be further explored. Thus, the pseudo-labels con-
structed using the average similarity score are referred to as
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moderate-confidence pseudo-labels, denoted similarly to ℓH
and represented as ℓM. For video features in the third cat-
egory, we consider them to potentially contain substantial
noise or multiple actions, so no additional labels are con-
structed in this case to avoid disrupting the stability of the
learning process. Based on this, the loss function for the
SME module can be expressed as:

LSME =
1

mH

mH∑
i=1

φ(pH,i, ℓH,i)+
λ(t)

mM

mM∑
i=1

φ(pM,i, ℓM,i)

(8)
where mH and mM represent the number of videos in the
first and second categories, respectively. φ(·) denotes the
mean squared error function, which provides smoother gra-
dient information. λ(t) is an auxiliary coefficient decaying
from 1 to 0 (t denotes the current epoch iteration), reflecting
that moderate-confidence pseudo-labels may embed unfore-
seen uncertainties. To prevent accumulating latent noise, we
progressively reduce reliance on these labels as training ad-
vances. Here, pH and pM denote the video-level proposal
classification scores for the first and second categories, re-
spectively, obtained by averaging the proposal-level back-
ground suppression scores weighted by their attention scores
across the video. For example,

pH =
1

M

M∑
i=1

sbase,i ×Aattn,i. (9)

Action Consistency Learning
Process Consistency Loss. Candidate proposals signifi-
cantly impact the model’s performance, but relying solely
on Non-Maximum Suppression (NMS) may activate low-
quality proposals. Our observations indicate that the main
content of an action typically occurs in the central region
of the action instance. Thus, for proposals with the same
IoU, greater deviation from the action center leads to poorer
consistency and ambiguity in the model’s understanding. To
address this, we propose an process consistency loss to en-
hance candidate proposal quality:

Lpc =
1

N

N∑
i=1

(
φ(CP,i, CG,i) +

di
Ii + ε

+ δ(C(i))
)
,

(10)
where CP,i and CG,i represent the centers of the i-th candi-
date proposal and the pseudo-true action instance with the
highest IoU with this proposal, respectively. The pseudo-
true action instance set is constructed by selecting propos-
als within the same video whose attention scores satisfy
Aattn > 0.9 ·max(Aattn). di denotes the distance between
these two centers, Ii is the intersection area of the two pro-
posals, and ε is a small constant to prevent division by zero.
The penalty function δ(C(i)) penalizes proposals that over-
lap with pseudo-true instances but fail to sufficiently capture
the action center, where C(i) = (Ii < 0.5LG,i) represents
the condition for insufficient overlap. Here, LG,i denotes the
length of the pseudo-true action instance corresponding to
the i-th proposal. Based on these definitions, Lpc encour-
ages the model to align proposal centers with the action cen-

ter. When the centers are sufficiently close, a larger Ii results
in a smaller loss, promoting proposal completeness.
Semantic Consistency Loss. Based on our initial consid-
eration, we believe that proposals classified into the same
category within the same video should share consistent se-
mantic representations. To achieve this, features of propos-
als classified into the same category by both the basic clas-
sification score sbase and the background suppression score
ssupp are aggregated into a Soft-local Descriptor. The se-
mantic consistency loss enforces features of other proposals
classified as the same category under a single score to align
with this Soft-local Descriptor, promoting more accurate se-
mantic representations of actions. For a video with category
c, this loss is expressed as:

Lst =
1

Nc

Nc∑
i=1

∥∥∥∥∥∥fprop,i − 1

|Sc|
∑
j∈Sc

fprop,j

∥∥∥∥∥∥
2

(11)

where Nc represents the number of proposals consistently
classified as action category c by either score. fprop,i de-
notes the feature of the i-th proposal in the current video, and
Sc represents the set of proposals used to construct the soft-
local descriptor. Since the soft-local descriptor relies heavily
on proposals with consistent classification results from both
scores, we further introduce a consistency loss to ensure
an adequate number of such proposals, maintaining training
quality:

Lc = φ(sbase, ssupp) (12)
Thus, the overall action semantic consistency loss is:

Lsc = α(t)Lst + Lc (13)
where α(t) is a coefficient function that increases during
training (from 0.3 to 0.5). This design reflects the assump-
tion that semantic representation of features in the early
stages of the model may not be reliable, and as learning
progresses, the model’s action representation becomes more
suited to focused learning.

Overall Loss
Reflecting on the previous content, the overall loss used for
training is:

Ltotal = Lcls + λ1LSME + λ2Lpc + λ3Lsc (14)
where λ1, λ2, and λ3 are hyperparameters used to control
the influence of the different losses. Lcls is a commonly used
classification loss (Ren et al. 2023) in the field.

Experiments
Datasets and Evaluation Metrics
Datasets. THUMOS14 (Yun et al. 2024; Idrees et al.
2017) includes 200 test videos and 213 validation videos,
covering 20 action categories. For a fair comparison, we
followed the standard practice in the field, training on the
training videos and testing on the validation videos; Activi-
tyNet1.3 (Caba Heilbron et al. 2015) contains coarser anno-
tations but a much larger scale. It includes 200 action cate-
gories, 10,024 training videos, and 4,926 validation videos.
Since the dataset’s annotations do not publicly provide infor-
mation about the test set, we trained on the training videos
and tested on the validation videos.
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Sup Method
mAP@IoU(%) AVG AVG AVG

0.1 0.2 0.3 0.4 0.5 0.6 0.7 (0.1:0.5) (0.3:0.7) (0.1:0.7)

Fully

S-CNN(Shou, Wang, and Chang 2016) 47.7 43.5 36.3 28.7 19.0 10.3 5.3 35.0 19.9 27.3
TAL-Net(Chao et al. 2018) 59.8 57.1 53.2 48.5 42.8 33.8 20.8 52.3 39.8 45.1

GCM(Zeng et al. 2021) 72.5 70.9 66.5 60.8 51.9 - - 64.5 - -
RefactorNet(Xia et al. 2022) - - 70.7 65.4 58.6 47.0 32.1 - 54.8 -

Weak

STPN(Nguyen et al. 2018) 52.0 44.7 35.5 25.8 16.9 9.9 4.3 35.0 18.5 27.0
DGAM(Shi et al. 2020) 60.0 54.2 46.8 38.2 28.8 19.8 11.4 45.6 29.0 37.0

UM(Lee et al. 2021) 67.5 61.2 52.3 43.4 33.7 22.9 12.1 51.6 32.9 41.9
CoLA(Zhang et al. 2021) 66.2 59.5 51.5 41.9 32.2 22.0 13.1 50.3 32.1 40.9
UGCT(Yang et al. 2021) 69.2 62.9 55.5 46.5 35.9 23.8 11.4 54.0 34.6 43.6

CO2-Net(Hong et al. 2021) 70.1 63.6 54.5 45.7 38.3 26.4 13.4 54.4 35.7 44.6
ASM-Loc(He et al. 2022) 71.2 65.5 57.1 46.8 36.6 25.2 13.4 55.4 35.8 45.1
DELU(Chen et al. 2022) 71.5 66.2 56.5 47.7 40.5 27.2 15.3 56.5 37.4 46.4
P-MIL(Ren et al. 2023) 71.8 67.5 58.9 49.0 40.0 27.1 15.1 57.4 38.0 47.0

PivoTAL(Rizve et al. 2023) 74.1 69.6 61.7 52.1 42.8 30.6 16.7 60.1 40.8 49.6
AICL(Li, Wang, and Liu 2023) 73.1 67.8 58.2 48.7 36.9 25.3 14.9 - - 46.4

ISSF(Yun et al. 2024) 72.4 66.9 58.4 49.7 41.8 25.5 12.8 57.8 37.6 46.8

SEAL(Ours) 78.4 73.6 66.1 55.8 44.5 31.2 19.9 63.7 43.5 52.8

Table 1: Comparison on the THUMOS14 dataset.

Method
mAP@IoU(%)

0.5 0.75 0.95 AVG

STPN(Nguyen et al. 2018) 29.3 16.9 2.6 16.3
TSCN(Zhai et al. 2020) 35.3 21.4 5.3 21.7
TS-PCA(Liu et al. 2021) 37.4 23.5 5.9 23.7
UGCT(Yang et al. 2021) 39.1 22.4 5.8 23.8
AUMN(Luo et al. 2021) 38.3 23.5 5.2 23.5

CO2-Net(Hong et al. 2021) 35.4 20.9 5.6 22.9
FAC-Net(Huang, Wang, and Li 2021) 37.6 24.2 6.0 24.0

RSKP(Huang, Wang, and Li 2022) 40.6 24.6 5.9 25.0
ASM-Loc(He et al. 2022) 41.0 24.9 6.2 25.1
P-MIL(Ren et al. 2023) 41.8 25.4 5.2 25.5

STCL-Net(Fu, Gao, and Xu 2023) 40.6 24.0 6.0 24.7

SEAL(Ours) 41.6 25.8 5.2 25.6

Table 2: Comparison on the ActivityNet1.3 dataset. AVG
means average mAP from IoU 0.5 to 0.95 with a 0.05 in-
crement.

Evaluation Metrics. Following standard evaluation pro-
tocols, we report performance results using mean Aver-
age Precision (mAP) under different temporal Intersection
over Union (t-IOU) thresholds. For THUMOS14, the t-IOU
thresholds are set at [0.1 : 0.1 : 0.7]; for ActivityNet1.3, the
thresholds are set at [0.5 : 0.05 : 0.95].

Supplementary Details. The input features are extracted
using a pre-trained I3D model for RGB and the TV-L1 algo-
rithm for optical flow. All three learnable branches consist of
a 1D convolutional layer with a kernel size of 1, followed by
a ReLU activation layer. Additionally, the heads of the three
branches are simple 1D convolutional layers, with outputs
corresponding to sbase ∈ RM×(C+1) (class-aware branch),
Aattn ∈ RM (class-agnostic branch), and spc ∈ RM (pro-

cess consistency branch). For model learning, we used the
Adam optimizer with a learning rate of 0.00005 and a reg-
ularization rate of 0.001. In terms of proposal generation,
we utilized raw proposals generated by the classical point-
level weakly supervised temporal action localization method
LAC (Lee and Byun 2021) without any post-processing. Our
motivation for this approach stems from the observation that
P-WTAL tasks, due to more refined labels, often produce
more promising proposals. However, as previous research
has shown (Xia et al. 2024), an average of 65.2% of pro-
posals generated by LAC can be replaced by better alter-
natives, indicating that the model’s learning capacity is less
constrained. Therefore, this approach allows for a more ac-
curate assessment of our framework’s learning ability and
generalization performance. Additionally, the batch size is
set to 10, the training runs for 200 epochs, λ1 decays lin-
early from 1 to 0 over 30 epochs, λ2 is set to 1.5, and λ3

decays non-linearly from 1 to 0 over 50 epochs.

Comparison with State-of-the-Art Methods

Results on THUMOS14. Table 1 presents a numerical
comparison of our SEAL with fully-supervised TAL meth-
ods and state-of-the-art WTAL methods on the THUMOS14
dataset. Compared to the strong performance of FTAL meth-
ods, our SEAL often achieves results that are comparable to
or even better than these methods. When compared with the
state-of-the-art WTAL methods, our method demonstrates a
significant performance lead. Specifically, our approach im-
proves the average mAP@0.1:0.7 by 3.2% over the best ex-
isting method. This improvement is attributed to our SME
module’s focus on cross-modal consistency and action con-
sistency learning, which further enhances the semantics and
completeness of action segments.
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Losses of Different Modules mAP@IoU (%)

LSME Lpc Lsc 0.3 0.5 0.7 AVG

54.0 36.8 14.6 43.1
✓ 64.2 43.0 17.2 50.9

✓ 64.5 43.1 18.4 51.2
✓ 59.6 40.6 16.0 47.2

✓ ✓ 65.3 44.4 18.9 52.1
✓ ✓ 64.9 44.2 18.7 51.7

✓ ✓ ✓ 66.0 44.5 19.9 52.8

Table 3: Ablation study of three losses in SEAL.

Aggregation Method
mAP@IoU (%)

0.3 0.5 0.7 AVG

Segment level 64.3 42.2 18.0 50.8
Video level 64.2 43.0 17.2 50.9

Table 4: Comparison of the similar modality enhancement
module under different aggregation methods.

Results on ActivityNet1.3. Table 2 compares our SEAL
with state-of-the-art WTAL methods on ActivityNet1.3. As
shown in the table, SEAL demonstrates strong competitive-
ness. On the average mAP@0.5:0.95, our results outperform
all the comparison methods.

Ablation Study
To evaluate the effectiveness and underlying considerations
of our design, we conduct ablation studies on the THU-
MOS14 dataset.

Impact of Each Module. We isolate each component’s
corresponding loss to analyze its individual contribution. As
shown in Table 3, a detailed ablation study evaluates these
losses’ effectiveness. The results show that every loss en-
hances overall performance, and no conflicts emerge when
combined, confirming the soundness of our design.

Impact of Aggregation Methods for Hard-global De-
scriptors. We consider two approaches for aggregating
hard-global descriptors in the SME module: segment-level
and video-level aggregation. The segment-level approach
generalizes action semantics in a flattened manner, while the
video-level approach integrates contextual information from
a broader perspective. Since the chosen aggregation method
can profoundly affect SME performance, we compare the
two under conditions using only the SME module. As shown
in Table 4, the video-level aggregation method yields better
results, likely due to its incorporation of contextual cues.

Impact of High-confidence and Moderate-confidence La-
bels. In the SME module, pseudo-labels are constructed
using cosine similarity scores derived from two modality
features. High/moderate-confidence pseudo-labels are fur-
ther generated based on the degree of consensus between
the scores on action categories. To investigate whether both
types of labels contribute to the model’s learning, we con-
ducted ablation experiments on the SME module, with the

Method
mAP@IoU (%)

0.3 0.5 0.7 AVG

Base 54.0 36.8 14.6 43.1
Base+ℓH 61.3 41.0 17.1 48.7

Base+ℓH+ℓM 64.2 43.0 17.2 50.9

Table 5: Ablation study of high confidence and moderate
confidence pseudo-labels in SME.

SEAL with different proposals
mAP@IoU (%)

0.3 0.5 0.7 AVG

Base + Ppw 54.0 36.8 14.6 43.1
Ours + Ppw 66.0 44.5 19.9 52.8

Base + Pw 49.5 33.8 11.4 39.7
Ours + Pw 59.6 39.8 16.2 47.1

Table 6: Comparison under different proposals.

numerical results reported in Table 5. Experimental results
indicate that the combined use of both types of pseudo-labels
effectively steers the model toward superior performance,
thereby verifying the soundness of our proposed design.

Impact of Candidate Proposals. Our candidate propos-
als Ppw are based on the classic P-WTAL method. While
this method is both challenging and promising, it remains
unclear whether SEAL can be effectively applied to can-
didate proposals generated by other methods. To test the
generalization capability of SEAL, we applied it to candi-
date proposals Pw generated by the classic method CO2-Net
(Hong et al. 2021), with the results shown in Table 6. As can
be seen, the change in candidate proposal sets does not af-
fect the superiority of our framework. Specifically, the newly
proposed modules achieve a 7.4% improvement in the aver-
age mAP@0.1:0.7, indicating that our method demonstrates
reliable generalization performance.

Conclusion
This work proposes SEAL, a novel WTAL method that
includes two key new modules. The SME module lever-
ages the aggregation of appearance and motion descriptors
derived from original features to construct high/moderate-
confidence pseudo-labels, guiding the model to learn more
robust action representations and mitigating task discrep-
ancies. The ACL module focuses on the spatiotemporal
process and feature semantics of actions, encouraging the
model to maintain semantic consistency among similar ac-
tions while ensuring the completeness of candidate propos-
als, thus achieving more accurate localization. Extensive ex-
periments on two datasets demonstrate the effectiveness of
our SEAL.
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