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Abstract

Temporal Action Localization (TAL) aims to accurately iden-
tify the start and end times of actions in untrimmed videos
and classify them according to specific labels. However, the
complexity and imbalance between target actions and back-
ground in video data make this task particularly challeng-
ing. Although relying on large amounts of finely annotated
data has led to some progress in existing methods, the pres-
ence of noisy labels in large-scale annotations limits their ap-
plication in open-world scenarios. To address this issue, we
take the perspective of the data itself, modeling the differ-
ent energy patterns exhibited by the action foreground and
background in video data to enhance video content infer-
ence. Specifically, we propose the Energy-Driven Meta Puri-
fier (EDMP) method, which utilizes a meta-learning training
paradigm to avoid dependence on extensive and precise man-
ual annotations. Under this pipeline, we use energy model-
ing to distinguish between different actions and backgrounds
from the perspective of energy differences, thereby improving
the model’s robustness to category noise. Additionally, these
energy-based distinctions are employed to further refine ac-
tion boundaries, enhancing the model’s robustness to bound-
ary noise. Experiments on THUMOS14 and ActivityNet1.3
datasets show that EDMP effectively enhances the robustness
of TAL models.

Code — https://github.com/XD-mu/EDMP

Introduction
Temporal Action Localization (TAL) (Xu et al. 2024, 2023;
Guo et al. 2024) is a pivotal task in video understanding
that aims to identify the temporal boundaries of actions and
classify their categories in untrimmed videos. With the rapid
advancements in deep learning, TAL has achieved remark-
able progress and demonstrated wide-ranging applicability
in real-world scenarios such as social media platforms and
surveillance systems.

Nevertheless, TAL faces several challenges due to the in-
herent complexity of video data. Firstly, the target content
and background in video sequences are often intertwined,
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Figure 1: (a) The interpretation diversity of the annotators
results in noisy action boundary and category annotations.
(b) Existing leading methods show poor robustness against
boundary and category annotation noise.

making them difficult to distinguish. Additionally, the tar-
get content tends to be sparse and diverse, further compli-
cating the process of isolating it from the extensive back-
ground. Moreover, action boundaries are frequently ambigu-
ous, which complicates the modeling of subtle differences
between actions and their surrounding context. Although
current methods have made some progress by relying on
extensive manual annotations, the noisy labels introduced
through crowdsourced annotation significantly hinder the
effective application of TAL in open-world scenarios. As
shown in Figure 1(a), different annotators may have vary-
ing interpretations of “Baseball Pitch”. The ambiguity in ac-
tion boundaries often leads to varying boundary annotations,
while differences in expertise can result in category misla-
beling, such as confusing it with “Cricket Shot”. This noise
in action boundaries and category labels may cause mod-
els to learn inaccurate boundary and category information,
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degrading performance. To validate this, we assess the ro-
bustness of TAL models to boundary noise, category noise,
and their mixed noise. As illustrated in Figure 1(b), on the
THUMOS14 dataset (Idrees et al. 2017), we simulate an-
notation variability for boundary noise using a small ran-
dom perturbation δ ∼ N(0, σ2

B) with σB set to 0.1 and
0.3 seconds. For category noise, we introduce random noise
within pre-defined intra-category confusion groups at a σC

of 10% and 30%. For mixed noise, we combine these two
approaches (0.1×10% and 0.3×30%). The results demon-
strate that even small mixed noise (0.1×10%) leads to sig-
nificant performance declines in leading models, Action-
Former (Zhang, Wu, and Li 2022), TriDet (Shi et al. 2023),
and TemporalMaxer (Tang, Kim, and Sohn 2023) dropping
by 4.52%, 5.16%, and 3.55%, respectively. These findings
suggest that current models are not robust to boundary and
category noise, leading to significant performance degrada-
tion. Therefore, developing a robust algorithm that does not
rely on precise labels is of great significance for the applica-
tion of TAL in open-world scenarios.

To overcome these challenges, we present a plug-and-
play approach named Energy-Driven Meta Purifier (EDMP),
which bypasses the need for precise annotations by lever-
aging the inherent properties of video data. First, we em-
ploy a meta-learning pipeline to correct noisy boundary and
category labels, mitigating the misleading effects on model
training. At this stage, the optimization of the Temporal Re-
finement Module (TRM), the Semantic Purification Mod-
ule (SPM), and the main models is conducted on two levels
within the meta-learning pipeline. Then, to solve the prob-
lem of extracting correct actions from the noisy data itself,
especially in scenarios where actions are mixed with back-
ground noise and without relying on labels, we propose a
temporal energy function that focuses on the energy differ-
ences between video actions and the background. The TRM
and SPM leverage this temporal energy function to refine
and correct boundary and category labels, ensuring more ac-
curate action localization. Finally, to jointly refine the effects
of boundary and category mixed noise, we introduce the En-
ergy Synergy Optimizer Module, which reweights the over-
all loss value based on the temporal energy function values
derived from the SPM and TRM. This reweighting process
enhances the model’s robustness by assigning lower weights
to incorrectly labeled proposals and higher weights to cor-
rectly labeled ones, thereby improving the classifier’s per-
formance despite the presence of noisy boundary and cate-
gory labels. In summary, the main contributions of our work
are as follows:

• To the best of our knowledge, we are the first to system-
atically analyze the robustness of TAL models against
open-world noisy labels, including boundary noise, cate-
gory noise, and mixed noise.

• We propose a novel energy-based training strategy to
enhance the robustness of TAL models against open-
world noisy labels, facilitating their practical application
in real-world scenarios.

• Extensive experiments on the THUMOS14 and Activi-
tyNet1.3 demonstrate the effectiveness of our method.

Related Work
Temporal Action Localization
Temporal Action Localization (TAL) focuses on identifying
and classifying all actions within untrimmed videos. With
the advancement of deep learning (Chen et al. 2021), current
approaches to addressing this problem can be broadly cate-
gorized into two main types: two-stage methods and one-
stage methods. Two-stage methods generate and classify ac-
tion proposals (Buch et al. 2017; Xu et al. 2022a; Escorcia
et al. 2016; Lin et al. 2018; Liu et al. 2019; Wang et al. 2021),
while one-stage methods integrate both tasks in a single net-
work (Zhang, Wu, and Li 2022; Shi et al. 2023; Lin, Zhao,
and Shou 2017; Xu et al. 2022b). Despite their effectiveness,
leading TAL methods lack robustness to noisy labels, limit-
ing their applicability in open-world scenarios (Chen et al.
2022, 2023). To address this issue, we propose EDMP to
enhance the robustness of TAL methods.

Learning with Noisy Label
Addressing the problem of noise labels caused by manual la-
beling has been a longstanding research focus in the field of
computer vision. (Bai et al. 2021; Yang et al. 2022) Within
deep learning, existing methods for learning with noisy la-
bels (LNL) can be categorized into four main approaches:
Robust Architecture (Chen and Gupta 2015; Goldberger
and Ben-Reuven 2022), Robust Regularization (Jenni and
Favaro 2018; Xia et al. 2020), Robust Loss Design (Ghosh,
Kumar, and Sastry 2017; Song, Kim, and Lee 2019), and
Sample Selection (Li, Socher, and Hoi 2020; Han et al.
2018). Recently, noise label learning methods based on
meta-learning have demonstrated significant potential (Wu
et al. 2021; Zheng, Awadallah, and Dumais 2021; Tu et al.
2023). These methods leverage a small, clean validation
set to provide guidance on the underlying label distribu-
tion of clean tags, enabling models to perform effectively
in extremely noisy scenarios. Given the complexity of ac-
tion boundary and category noise, we draw inspiration from
meta-learning and employ its training strategy to correct
misclassifications of action boundary and category labels.

Energy-based Learning
The origins of energy-based machine learning models can
be traced back to Boltzmann machines (Ackley, Hinton,
and Sejnowski 1985; Salakhutdinov and Larochelle 2010),
which are networks composed of units with an energy func-
tion defined for the entire network. Energy-based learning
(LeCun et al. 2006; Ranzato et al. 2006, 2007) provides a
comprehensive framework for various probabilistic and non-
probabilistic learning methods. In subsequent work (Zhao,
Mathieu, and LeCun 2016), energy functions have been em-
ployed to train Generative Adversarial Networks (GANs),
where the discriminator models and refines real and gener-
ated images based on energy values. Furthermore, energy-
based models have been utilized for video generation (Xie,
Zhu, and Nian Wu 2017; Xie et al. 2018a) and 3D shape
pattern generation (Xie et al. 2018b). Recent research has
also applied energy models to Out-of-distribution Detection
(Liu et al. 2020; Choi, Jeong, and Choi 2023) and Open-Set
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Figure 2: Overview of our model: First, features are extracted from the noisy dataset, and the backbone network predicts
inaccurate category and boundary labels. Then, the Semantic Purification Module (a) and Temporal Refinement Module (b) use
clean metadata to predict accurate labels, which are corrected by the label correction network and a multi-layer MLP structure.
Finally, the integrated input to the energy synergy optimizer (c) enhances the weighting of high-noise intervals, resulting in a
total training loss function that guides the main model’s training.

Recognition (Wang et al. 2023). Inspired by these advance-
ments, we define the Temporal Energy Function for TAL and
propose the SPM, TRM and ESO.

Proposed Method
To enhance the TAL model’s robustness against noisy ac-
tion boundary and category annotations, we propose the
Energy-Driven Meta Purifier (EDMP). In this section, we
first present the formulation for clarity. Subsequently, we
detail the components of our method, comprising 1) Meta-
Learning Framework, 2) Temporal Energy for TAL, 3)
Energy-Based Semantic Purification, 4) Energy-Based Tem-
poral Refinement, and 5) Energy Synergy Optimizer. Figure
2 provides an overview of our method.

Problem Definition
Consider a dataset of unsegmented videos denoted by S =
{Ui}ni=1, where n represents the total number of videos.
For each video Ui, we extract its RGB (and optical flow)
temporal features Fi = {fτ}Bτ=1, with B indicating the
number of time steps. Additionally, each video has Pi seg-
ment annotations Yi = {tstart

q , tend
q , cq}Qi

q=1, encompassing

the start time tstart
q , end time tend

q , and the action category
cq for each segment. In scenarios involving manual annota-
tions, the action categories are typically labeled with high
precision. Nevertheless, due to variability among annota-
tors, the annotations often contain noise, resulting in labels
Ỹj = {t̃start

q , t̃end
q , c̃q}

Qj

q=1 that reflect uncertain action bound-

aries Ỹ b
j = {t̃start

q , t̃end
q }Qj

q=1 and potentially incorrect cate-

gory labels Ỹ c
j = {c̃q}

Pj

q=1. To mitigate this issue, we uti-
lize both F and Ỹ to train our model with the objective of
precisely identifying all true segments Y . Moreover, Smeta
denotes a meticulously annotated meta-dataset, and ϕw(F )
represents the feature extraction performed by the backbone
network.

Meta-Learning Framework
We establish a compact validation subset with accurate an-
notations to enhance the precision of noisy action bound-
aries and categories using our Temporal Refinement Mod-
ule (TRM) and Semantic Purification Module (SPM). The
methodology is detailed as follows:

The TRM and SPM function as meta-models, with their
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respective parameters denoted by α and β, while the main
model’s parameters are represented by w. The TRM takes
as input the feature output ϕw(F ), the noisy boundary la-
bels Ỹ b

j , and the regression loss vector ℓreg computed from
the noisy data to generate the refined boundaries Y ref =
Mα(ϕw(F ), Ỹ b

j , ℓ
reg). Similarly, the SPM utilizes the noisy

category labels Ỹ c
j and the feature output ϕw(Fc) to rectify

the action categories and adjust the classification mechanism
via the energy function Y c = Mβ(ϕw(Fc), Ỹ

c
j ). Our main

goal is to train the primary model using the corrected bound-
ary and category labels derived from the TRM and SPM. It
is important to note that the TRM and SPM are exclusively
used during the training phase and are excluded during in-
ference.

To jointly optimize the primary model and the meta-
models, we treat the boundary refinement and category cor-
rection as meta-tasks and employ meta-learning techniques.
This approach is formalized as a bi-level optimization prob-
lem:

min
α/β

E(F,Y )∈SmetaLmeta(Y, gw∗
α/β

(F ))

s.t. w∗
α/β = argmin

w
E(F,Ỹ )∈S̃Ltrain(Y

ref, Y c, gw(F )),

(1)
where Lmeta represents the combined classification and re-
gression loss of the baseline model, specifically Lmeta =
Lcls + Lreg, and Ltrain denotes the training loss for our pro-
posed method. The function gw denotes the predicted ac-
tion boundaries by the main model. To solve this hierarchi-
cal optimization problem, we perform a single-step update
estimation and iteratively refine the parameters of both the
meta-model and the primary model.

Temporal Energy for TAL
Within the meta-learning training framework, we employ
energy functions (LeCun et al. 2006) for Energy-based
Reweighting on samples and introduce a Boundary Energy
Loss to fine-tune boundary adjustments. Specifically, we de-
fine the Energy Function for Temporal Action Localization
(TAL) by mapping each feature vector f ∈ RD to a scalar
energy value E(f) , which is then converted into a probabil-
ity distribution using the Gibbs distribution:

p(c | f) = e−E(f ,c)/κ∑
c′ e

−E(f ,c′)/κ
=

ehc(f)/κ∑K
k=1 e

hk(f)/κ
, (2)

where hc(f) denotes the logit for the c-th action category and
κ is the temperature parameter.Consequently, leveraging the
Helmholtz free energy (LeCun et al. 2006), we derive the
TAL free energy function:

E(f) = −κ · log
K∑

k=1

ehk(f)/κ. (3)

Building upon this TAL energy function, we introduce
energy-based category and boundary label refinement tech-
niques, as well as the Boundary Energy Loss, to enhance the
optimization of the meta-learning framework.

Energy-Based Semantic Purification
The architecture of the Semantic Purification Module
(SPM), illustrated in Figure 2(a), incorporates an energy-
driven strategy for label correction. To fully exploit the
metadata features, we introduce a Label Correction Network
(LCN) as a meta-model. This network receives noisy cate-
gory labels Ỹ c

j and their corresponding metadata features
ϕw(Fc) as inputs to generate refined labels. The parameters
of the LCN, denoted by δ, adjust the noisy labels using the
function:

Y ref
c = wδ(ϕw(Fc), Ỹ

c
j ). (4)

Building upon the TAL energy function defined earlier,
we process Y ref

c within the LCN to model sample noise, en-
hance sample energy, and diminish the influence of noise on
model training. This results in the output sample Ŷ ref

c , which
is reweighted using the energy function. The reweighted
sample is then integrated with the adjusted category logic
Y ref
c and the initial meta-category logic Y ref

meta prior to en-
hancement. The Energy Enhancement Module is employed
to modify the SPM loss value, further constraining the pro-
cess as follows:

Lcls = L(Y ref
c , Ŷ ref

c , Y ref
meta). (5)

Energy-Based Temporal Refinement
The Temporal Refinement Module (TRM) architecture, de-
picted in Figure 2(b), employs a strategy for refining bound-
aries through energy loss optimization. This module utilizes
a linear layer to expand the noisy boundary labels Ỹ b

j and
concatenates them with the features ϕw(F ). The combined
inputs are then processed by MLP to determine the direc-
tion of refinement. Subsequently, the TRM integrates the re-
gression loss vector ℓreg, which indicates the magnitude of
correction, with the output from the first MLP as inputs to
a second MLP. This second MLP generates the refinement
offsets. Finally, the TRM adds these offsets to the original
noisy boundaries to produce the refined boundaries Y ref. The
formulation is presented as follows:

Y ref = Ỹ b
j + MLP(ℓreg,MLP(ϕw(F ),Linear(Ỹ b

j ))). (6)

During the refinement process, constraints on boundary
features are absent. Inspired by energy functions, we pro-
pose a Boundary Energy Loss to constrain the model’s re-
finement and discriminative capabilities at the boundaries by
addressing energy differences before and after refinement.

Ein =
s+L∑
i=s

E(fi) +
e∑

i=e−L

E(fi),

Eout =
s−1∑

i=s−L−1

E(fi) +
e+L+1∑
i=e+1

E(fi).

(7)

Let {fs, . . . , fe} and {fs′ , . . . , fe′} denote the action in-
tervals before and after refinement, respectively. Two sets of
length L are selected at both boundaries, within and outside
the action interval. The boundary energies are defined in (7).
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Similarly, the inside energy of the refined boundary E′
in

and the outside energy of the refined boundary E′
out are de-

fined analogously. The Boundary Energy Loss is expressed
as:

Lenergy = Ef∼U (max (0, (Ein − Eout)−min))
2

+ Ef∼U ′ (max (0,mout − (E′
in − E′

out)))
2
,

(8)

where U and U ′ represent the video before and after bound-
ary refinement, respectively. We employ two squared hinge
loss terms and two hyperparameters, min and mout, to con-
strain the energy before and after boundary refinement. The
first term aims to minimize the energy difference (Ein−Eout)
between the two sides of the noisy boundary, reducing it be-
low a threshold min. The second term seeks to maximize
the energy difference (E′

in − E′
out) between the two sides of

the refined boundary, ensuring it exceeds the threshold mout.
This approach ensures that noisy boundaries exhibit smaller
energy discrepancies, while refined boundaries demonstrate
larger energy differences, thereby guiding the model to en-
hance boundary precision by promoting significant energy
contrasts across them.

Energy Synergy Optimizer
Neural networks display a memorization phenomenon,
where they initially learn from clean data before beginning
to overfit noisy samples, as evidenced by numerous studies
on training with noisy labels (Han et al. 2018; Yao et al.
2020). This initial training phase can serve as an indicator
of sample noise, thereby reflecting the confidence in each
sample. In Temporal Action Localization (TAL) tasks, as il-
lustrated in Equation (3), the response at the k-th time step
represents the model’s output at that specific instance. Con-
sequently, we calculate the cumulative video response to
model the video’s confidence score Pconf as follows:

Pconf =

M∑
k=1

E(fk). (9)

Additionally, the difference between the ground truth la-
bels and the network’s initial predictions indicates the level
of noise present. To quantify the label noise in video sam-
ples, we compute the Intersection over Union (IoU) metric
PIoU between the predicted boundary category labels and the
refined labels. A higher IoU value signifies lower label noise.
In summary, higher confidence Pconf and IoU PIoU corre-
spond to reduced noise in the video sample labels, thereby
justifying a greater weight for such samples. Thus, we define
the sample weight ws as:

ws = γ · 1

1− Pconf
+ (1− γ) · 1

1− PIoU
, (10)

where γ is a hyperparameter that balances the contributions
of Pconf and PIoU. Finally, we apply ws to reweight the sam-
ple’s loss function. This sample reweighting mechanism as-
signs smaller weights to samples with higher label noise,
thereby mitigating the impact of noise on the training pro-
cess and enhancing the model’s robustness.

Therefore, the overall loss function employed to optimize
the main model is defined as:

Ltrain = λoriginLorigin + Lcls + λenergyLenergy. (11)

where λoriginLorigin corresponds to the original classification
and regression loss from the baseline method. Lcls denotes
the classification loss.

Experiments
Datasets and Evaluation
1) Datasets: Our experiments are conducted on two
datasets: THUMOS14 (Idrees et al. 2017) and Activi-
tyNet1.3 (Caba Heilbron et al. 2015). THUMOS14 provides
413 untrimmed sports videos for 20 action categories, in-
cluding 200 videos for training and 213 videos for testing,
and each video contains an average of 15 action instances.
ActivityNet 1.3 provides 10,024 training, 4,926 validation,
and 5,044 test videos with 200 action classes. Each video
includes 1.6 action instances on average.
2) Evaluation Metric: For all datasets, we use the standard
mean average precision (mAP) as the evaluation metric, cal-
culated at various temporal intersection over union (tIoU)
thresholds. The overall average mAP is reported as the mean
across these thresholds, where tIoU reflects the intersection
over union between two temporal windows, similar to the
1D Jaccard index.

Implementation Details

Figure 3: Category and boundary damage noise method.

1) Noise Generation: Through investigation, the annota-
tions in the THUMOS14 and ActivityNet1.3 datasets have
undergone multi-expert consistency checks. As a result, we
consider the original data from these datasets to be clean.
To simulate the inaccuracies of boundary labeling that may
arise from manual labeling, we introduce noise into the tem-
poral labeling of the start and end times of all action in-
stances in the training data. The noise δ is generated using
random numbers from a normal distribution N , a method
widely used in time noise control (Fišer et al. 2014). The
boundary noise generation formula is as follows:
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THUMOS 14 - Average mAP(%)
Noise Type Baseline Only Boundary Noise σB Only Category Noise σC Mixed Noise σB × σC

Method
Noise Level

0 0.1 0.3 0.5 0.7 0.9 10% 30% 50% 70% 90% 0.1×10% 0.3×10% 0.1×30% 0.3×30% 0.5×50%

Actionformer 66.75 65.37 61.32 59.23 56.32 55.71 64.60 59.49 48.96 32.66 10.39 62.23 58.38 59.03 53.95 44.26
Actionformer+EDMP 67.31 66.06 64.12 63.85 61.23 60.85 66.13 63.12 55.53 39.31 17.29 64.38 61.86 61.95 58.35 50.05

TriDet 69.21 67.48 63.73 60.81 57.61 57.91 66.88 63.05 50.27 31.92 11.79 64.05 61.53 59.41 57.64 46.79
TriDet+EDMP 69.71 68.57 66.49 64.31 62.75 62.71 68.26 66.31 58.12 38.21 18.73 66.47 64.83 62.94 60.58 52.12
TemporalMaxer 67.16 64.65 62.37 60.21 56.81 56.77 64.86 61.37 52.20 33.57 11.36 63.61 59.43 59.02 58.21 49.12

TemporalMaxer+EDMP 67.09 66.23 64.93 63.18 61.53 60.17 66.75 65.27 59.39 38.73 17.71 65.58 62.77 62.86 62.90 55.55

ActivityNet 1.3 - Average mAP(%)
Noise Type Baseline Only Boundary Noise σB Only Category Noise σC Mixed Noise σB × σC

Method
Noise Level

0 0.1 0.3 0.5 0.7 0.9 10% 30% 50% 70% 90% 0.1×10% 0.3×10% 0.1×30% 0.3×30% 0.5×50%

Actionformer 36.38 32.22 29.93 28.35 27.16 26.83 34.31 30.27 25.31 19.25 12.19 32.30 28.15 29.17 25.32 23.98
Actionformer+EDMP 36.37 34.45 32.34 30.58 29.76 28.94 35.47 32.53 29.65 24.34 16.43 34.44 31.78 31.82 29.42 28.85

TriDet 36.45 31.70 29.32 27.93 26.57 26.32 34.76 30.57 24.12 20.91 11.13 31.76 30.01 30.59 25.85 24.58
TriDet+EDMP 36.47 34.28 31.47 29.79 28.32 27.93 35.92 33.16 27.54 24.11 15.23 34.37 33.23 33.54 29.76 29.64
TemporalMaxer 34.07 31.14 29.83 28.13 27.32 26.95 32.56 28.15 24.73 19.37 10.23 30.15 29.34 28.77 24.87 24.17

TemporalMaxer+EDMP 34.24 32.69 31.28 29.98 28.83 28.57 33.32 32.21 28.67 23.14 14.16 32.69 31.97 31.68 28.97 29.34

Table 1: The main results on the THUMOS14 and ActivityNet1.3 datasets. The experimental results on the THUMOS14 and
ActivityNet1.3 datasets show that our proposed EDMP significantly enhances the robustness of leading baselines (Action-
Former, TriDet, and TemporalMaxer) across various levels of boundary noise (noise δ ∼ N(0, σ2

B), where σB = 0.1, 0.3, 0.5,
0.7, and 0.9), category noise (σC = 10%, 30%, 50%, 70%, and 90%) , and mixed boundary-category noise conditions.

ŝ = s+ δ δ ∼ N
(
0, σ2

B

)
,

ê = e+ δ δ ∼ N
(
0, σ2

B

)
.

(12)

To address the inaccuracy of category labels caused by
simulated manual labeling, we introduce noise perturbations
into the training data based on the designed sets of confus-
able actions. Within each set of similar actions, labels are
randomly perturbed to other similar categories according to
the noise parameter σC .
2) Meta Dataset Construction: For each action category,
we select only one accurately annotated video sample to
construct the meta dataset. For THUMOS14, the meta
dataset consists of 20 videos (only 10% of the training data),
while for ActivityNet1.3, the meta dataset comprises 200
videos (only 2% of the training data). The meta categories
of the meta dataset for THUMOS14 are defined, along with
their corresponding video samples. Similarly, for Activi-
tyNet1.3, we select one video from each of the 200 action
classes to construct the meta dataset.
3) Training Details: For the main model, we use the original
optimizer and hyperparameters from the baseline. The meta-
model employs the AdamW optimizer with a learning rate of
10−5. The ESO has a batch length L = 3, and the hyperpa-
rameters κ, λenergy , and γ are set to 1, 1, and 0.5, respec-
tively, from grid search results. ActionFormer and Tempo-
ralMaxer are trained for 30 and 10 epochs on THUMOS14
and ActivityNet1.3, respectively, with a 5-epoch warmup.
TriDet is trained for 20 and 5 epochs on THUMOS14 and
ActivityNet1.3, with warmup periods of 20 and 10 epochs.
Other hyperparameters follow the baseline settings.

Main Results
Table 1 presents the results. We establish three distinct ex-
perimental conditions: Only Boundary Noise σB , Only Cat-
egory Noise σC , and Mixed Noise σB×σC . At varying noise
intensities, we observed a notable decline in baseline perfor-
mance. This suggests that current TAL models lack robust-
ness to noisy labels.
1) THUMOS14: We employ I3D (Carreira and Zisserman
2017) as the backbone feature and conduct experiments
on three leading baselines, namely ActionFormer (Zhang,
Wu, and Li 2022), TriDet (Shi et al. 2023), and Temporal-
Maxer (Tang, Kim, and Sohn 2023). The experimental re-
sults demonstrate that EDMP can significantly enhance the
performance of the baseline models under boundary noise
only, category noise only, and mixed boundary category
noise conditions. Specifically, on the THUMOS14 dataset
with mixed noise (σB × σC = 0.5 × 50%), EDMP in-
creases the average mAP of ActionFormer by 5.79%, TriDet
by 5.33%, and TemporalMaxer by 6.43%. These experimen-
tal results demonstrate that the proposed method substan-
tially improves the model’s robustness to noisy labels.
2) ActivityNet1.3: We employ TSP (Alwassel, Giancola,
and Ghanem 2021) as the backbone feature and conduct ex-
periments on the three baselines. Considering the long du-
ration of video actions in ActivityNet1.3, with significant
variations in length (ranging from several tens of seconds
to minutes), we multiply the original boundary noise σB by
the duration of the video action interval (s − e) to simulate
the scenario in large-scale manual annotations where longer
videos are more prone to noisy labeling. The experimental
results demonstrate that EDMP enhances the robustness of
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mAP@IoU (%)Meta SPM TRM ESO
0.3 0.5 0.7 Avg.

58.90 47.86 23.67 44.26
✓ 61.73 46.73 23.94 45.23
✓ ✓ 65.34 47.78 24.53 47.74
✓ ✓ 64.49 47.85 23.75 47.12
✓ ✓ 62.87 47.31 23.05 46.17
✓ ✓ ✓ 66.79 48.06 24.82 48.54
✓ ✓ ✓ 67.22 48.57 24.77 49.02
✓ ✓ ✓ 67.13 49.14 24.58 49.26
✓ ✓ ✓ ✓ 67.98 50.32 25.33 50.05

Table 2: Effectiveness analysis of main components.

mAP@IoU (%)N samples per category
0.3 0.5 0.7 Avg.

N = 1 67.98 50.32 25.33 50.05
N = 2 68.24 50.87 26.02 50.51
N = 4 67.76 50.61 25.66 50.13

Table 3: Sample quantity analysis of the clean meta dataset.

baseline models against noisy labels in multi-class and long
video scenarios under various noise conditions.

Ablation Study
In this section, we conduct ablation studies on the THU-
MOS14 dataset and the ActionFormer baseline under the
mixed noise σB × σC = 0.5× 50% condition.
1) Main Components Analysis: We conduct an ablation
analysis to evaluate the four components: Meta-learning
Pipeline (Meta), Semantic Purification Module (SPM), Tem-
poral Refinement Module (TRM), and Energy Synergy Op-
timizer (ESO). The results in Table 2 show that all four
components improve the model’s robustness, with the best
performance when used together. Specifically, the Meta-
learning Pipeline plays a key role, while the SPM, TRM,
and ESO further enhance robustness.
2) Clean Meta Sample Quantity Analysis: We analyze the
required sample quantity for the Clean Meta Set (Table 3).
Meta datasets are constructed for each action category us-
ing N = 1, 2, and 4 video samples. Results show that the
highest performance occurs at N = 2, but the improvement
(0.46%) over N = 1 is marginal, while requiring twice the
annotations. Thus, N = 1 is chosen for the meta dataset. Per-
formance declines at N = 4, likely due to increased varia-
tion among meta samples, suggesting that excessive guid-
ing patterns hinder learning in both TRM and SPM models.
This confirms that our meta-learning pipeline requires only
a small number of clean samples for effective performance.
3) Analysis of Instants Set Length for Boundary Energy
Calculation: We analyze the size of the hyperparameter L
for energy calculations in Equations 7. The results in Table
4 demonstrate optimal performance is achieved when L =
3. This occurs because values of L that are either larger or
smaller blur the energy differences inside and outside the
boundaries, thereby hindering model optimization.

mAP@IoU (%)Length L
0.3 0.5 0.7 Avg.

L=1 67.30 49.66 24.40 49.51
L=2 67.65 50.26 24.46 49.73
L=3 67.98 50.32 25.33 50.05
L=4 67.93 50.21 24.99 49.86

Table 4: Instants set length of boundary energy analysis.

mAP@IoU (%)Method
0.3 0.5 0.7 Avg.

ActionFormer-Clean 82.37 70.82 43.16 66.75
ActionFormer-Noisy 72.73 58.36 30.94 53.95

Co-teaching 73.31 59.53 31.12 54.87
MWN 76.41 60.35 33.14 57.13
MLC 78.62 61.33 34.83 57.32

DMLP 79.14 60.87 34.91 57.59
EDMP 79.71 62.45 35.71 58.35

Table 5: Comparison with other LNL methods.

Comparison with Other Methods
We compare EDMP with recent LNL methods in addressing
TAL with noisy labels. As shown in Table 5, our method
outperforms these approaches. Experiments on the THU-
MOS14 dataset using the ActionFormer baseline with mixed
noise (σB × σC = 0.3 × 30%) reveal that EDMP sig-
nificantly exceeds the performance of Co-teaching (Han
et al. 2018). In addition, meta-learning-based methods such
as MWN (Shu et al. 2019), MLC (Wu et al. 2021), and
DMLP (Tu et al. 2023) achieve substantial improvements
over Co-teaching, which only offers minor enhancements
over the baseline. These results demonstrate the effective-
ness of meta-learning strategies guided by clean sample su-
pervision and energy-based constraints, highlighting their
superiority for our method compared to traditional LNL
methods.

Conclusion
In this paper, we propose EDMP, a plug-and-play method
designed to address the challenges posed by open-world
noisy labels in TAL. This approach employs a meta-learning
strategy, combining a Temporal Refinement Module (TRM)
and a Semantic Purification Module (SPM) with a tempo-
ral energy function. Additionally, we introduce the Energy
Synergy Optimizer (ESO), which reweights the overall loss
based on energy values. Our experimental results on the
THUMOS14 and ActivityNet1.3 datasets validate the effec-
tiveness of EDMP in improving action localization despite
noisy annotations, offering a practical solution and paving
the way for new research directions in TAL.
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