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Abstract—Temporal action segmentation is a fundamental task
in video understanding, involving the identification and classi-
fication of human actions in long, untrimmed videos. Existing
methods often suffer from over-segmentation errors and struggle
to model complex temporal dependencies. Inspired by denoising
diffusion models, we propose Gated Probabilistic Diffusion Action
Segmentation (GPDAS), a novel framework that formulates
action segmentation as a conditional sequence generation task.
GPDAS iteratively refines frame-wise action labels through a
denoising process conditioned on video features, implicitly model-
ing action priors and domain-specific behavioral knowledge. Our
approach includes (1) a gated probabilistic decoder with adaptive
temporal convolutions to enhance boundary accuracy and action
continuity, (2) dual boundary-aware and action-dependent loss
functions to capture chronological dependencies and improve
temporal localization, and (3) masked conditioning strategies
to improve robustness. Evaluated on the GTEA, 50Salads, and
Breakfast benchmarks, GPDAS achieves state-of-the-art perfor-
mance, outperforming existing methods in edit score and seg-
mental F1 scores while effectively mitigating over-segmentation.
The gated decoder demonstrates strong performance in modeling
long-range, complex action dynamics.

I. INTRODUCTION

Temporal action segmentation is a key task in video under-
standing, involving the identification and classification of hu-
man actions in long, untrimmed videos. It plays a critical role
in applications such as video surveillance, human-computer
interaction, and autonomous systems. Existing methods often
employ an iterative refinement strategy, utilizing multistage
models to progressively improve segmentation accuracy [1]—
[3]. These methods aim to capture long-range temporal de-
pendencies and mitigate over-segmentation errors, which are
common in single-pass approaches.

Inspired by the success of denoising diffusion models
in generative tasks [4]-[7], we formulate action segmenta-
tion as a conditional sequence generation problem. Our pro-
posed method, Gated Probabilistic Diffusion Action Segmen-
tation (GPDAS), generates frame-wise action label sequences
through an iterative denoising process conditioned on input
video features. This formulation not only learns the mapping
from video frames to actions, but also implicitly models the
prior distribution of action sequences, enabling the incorpora-
tion of domain-specific knowledge about human behaviors.

To further enhance the model’s ability to capture the nuances
of human actions, we introduce two types of loss functions:
(1) boundary loss, which accounts for the temporal locations
where actions are likely to occur; and (2) action loss, which
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captures the chronological dependencies between actions. To
better control uncertainty and temporal relations, we intro-
duce a gated decoder structure, which further improves the
model performance. Through extensive experiments on bench-
mark datasets, including GTEA, 50Salads, and Breakfast, we
demonstrate that GPDAS achieves competitive or superior
performance compared to existing state-of-the-art methods.
The contributions of this paper are summarized as follows:

e We propose GPDAS, a gated probabilistic diffusion
framework for action segmentation that jointly balances
action continuity and boundary accuracy

o The proposed gated decoder structure proves effective
across multiple benchmark datasets, delivering strong
performance in modeling complex temporal dynamics.

II. RELATED WORKS

A. Action Segmentation

Segmentation tasks have a vast range of applications [8]-
[12]. Action segmentation aims to divide a video into temporal
segments, each associated with a distinct action. Recurrent
Neural Networks (RNNs) were among the first approaches to
model temporal dependencies, leveraging LSTM/GRU units
to capture short-range context. However, they struggle with
long videos due to vanishing gradients and limited receptive
fields. To address these limitations, Temporal Convolutional
Networks (TCNs) emerged as a dominant solution. Early
TCNs used dilated convolutions to expand receptive fields [13],
while multi-stage architectures (e.g., MS-TCN [14]) iteratively
refined predictions across stages to reduce over-segmentation.
Subsequent variants, such as BCN [1] introduced boundary-
aware pooling, and G2L [15] optimized global-to-local feature
interactions.

The Diffact [4] introduced a novel generative approach to
the action segmentation task. Unlike traditional discriminative
methods, it employs denoising diffusion models to generate
action label sequences conditioned on video features. This
method explicitly models action priors, such as position,
boundary, and relational dependencies, through a conditional
masking strategy, achieving state-of-the-art performance. How-
ever, it still suffers from over-segmentation in certain scenarios.
By introducing a gated decoder into the diffusion model, we
successfully improve segmentation performance and mitigate
over-segmentation.
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B. Diffusion models

Diffusion models [5] have emerged as a powerful paradigm
for generative modeling, achieving significant success across
multiple domains due to their stable training dynamics and
independence from adversarial mechanisms. These models,
theoretically linked to score-based generative models [16],
operate by progressively adding noise to data in a forward
process and learning to reverse the corruption to reconstruct
the original distribution. In the realm of image generation [17],
diffusion models have established new benchmarks for quality
and realism [18]. In particular, Rombach et al. [19] developed
latent diffusion models, enabling high-resolution image synthe-
sis and demonstrating the scalability and expressive power of
this approach. Beyond image generation, diffusion models have
been successfully adapted to diverse applications, including
natural language generation [20], text-to-image synthesis [21],
image restoration [22] [23], super-resolution [24] and audio
generation [25].

III. METHODOLOGY

In this section, we first present the preliminary concepts of
diffusion models, including the diffusion forward process and
the reverse (backward) diffusion process. We then provide a de-
tailed introduction to our proposed model, Gated Probabilistic
Diffusion Action Segmentation (GPDAS). GPDAS comprises
three main components: a condition generation encoder, a fea-
ture generation based on the concatenated cross-layer feature
with masking, and a gated decoder for probabilistic diffusion.

A. Preliminary

Diffusion models are generative frameworks that transform
complex data distributions into simple noise through a forward
process and then reverse this process to generate new samples.
They excel at capturing uncertainty and generating diverse
outputs, making them ideal for tasks involving ambiguity.
Diffusion models [5] [26] are designed to estimate the noise
distribution during training. In this formulation, the objective
is to estimate the ground truth data distribution g(z() under the
model-generated data distribution py(x¢). To achieve this, the
diffusion process consists of two key components: the forward
process and the backward process.

Forward Process: The forward process is a Markov chain
that incrementally adds Gaussian noise to an original data
sample over a series of steps. Starting with a clean data
sample distribution g ~ g(zp), noise is introduced at each
step t according to a predefined variance schedule f3;, where
t=1,2,...,T. This process can be formally defined as:

g(zi|xi—1) = N(ze; /1 — Brae—r, Bid), )

where N represents a Gaussian distribution, x; is the noisy
data at step ¢, and I is the identity matrix. The parameter [;
controls the noise level at each step ¢, with 8; € (0,1). As
step ¢ increases, z; becomes progressively noisy, eventually
approximating a standard Gaussian distribution A/(0, I) when
t = T. This gradual corruption ensures that the original

data structure is systematically dismantled, providing a smooth
transition to pure noise.

In [5], the process was reformulated to allow direct com-
putation from the initial timestep 0 to any timestep ¢. The
formulation is expressed as follows:

Tt =/ C_Vtil'() + 1-— O_[tG, (2)

where &y = Hthl(l —B¢), and € ~ N (0, 1) is a random noise
sample. This approach is computationally efficient and widely
adopted in practice.

Reverse Process: The reverse process, or denoising process,
aims to reconstruct the original data by iteratively removing
noise from a sample drawn from a Gaussian distribution.
Starting from pure noise x7, the model learns a Markov chain
that approximates the posterior distribution g(z:—1|z¢). This
process is parameterized by a neural network denoted as py,
and can be formulated as follows:

pe(l'tfl‘xt) :N(xtfl;/i@(xtat)?(j?])? 3

where pig(z¢,t) is the mean predicted by the network, and o2
is a variance term controlled by the variance schedule in the
forward process (e.g., 07 = /3;). The network is usually trained
to predict the noise component ¢ added at each step, rather
than directly predicting x;_;. The training loss is typically
the mean squared error between predicted noise €p(x,t) and
actual noise e:

£ = By [lle = eolwn, )12 @)

During inference, the reverse process starts with a Gaus-
sian noise sample N(0, ) and iteratively applies the learned
transitions to generate a predicted sample Ty ~ pg(zo) that
approximates the true data distribution g(xo). The denoised
output at each step can be expressed as follows:

Xt—1 =+/0t—1Zo+

1 & 2Xt—\/0_étfo + € (5)
—Qt—1 — 0f —F———— + O1€,
T T e,
T = Fy (x¢,t), (©6)

where Fy(-) represents the diffusion model process, and Zj is
the predicted sample from the model Fjy (x¢,t) at step ¢.

B. The proposed method

In our proposed method, action segmentation is formulated
as a diffusion process, as illustrated in Fig.1. In this for-
mulation, video frame features served as the condition for
the diffusion process. Unlike conventional diffusion models
designed for image generation, our method is specifically
tailored for recognition tasks. Similar to standard diffusion
models, the input to the diffusion process is Gaussian noise,
while the output consists of segmentation labels conditioned
on the input video features.

Given input video features V € REXD where L is the
number of video frames and D is the feature dimension,
our objective is to estimate the one-hot representation of the
ground-truth action label sequence A € {0,1}1°C, where C
denotes the number of action classes.
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Fig. 1.  Structure overview. The GPDAS framework comprises two distinct phases: training and inference. During the training phase, pre-extracted video
features are input into an encoder network. This encoder generates a conditioning signal by processing and concatenating features from three distinct layers.
These aggregated features are then masked using various masking strategies. Simultaneously, the ground truth action sequence labels undergo a diffusion process,
progressively corrupted by the addition of Gaussian noise. A denoising model is trained to reverse this corruption, learning to reconstruct the original labels from
the noisy input conditioned on the masked encoder output. In the inference phase, the same encoder and denoising model are utilized. However, the encoder
processes video features to generate the unmasked conditioning signal. Starting from pure Gaussian noise, the denoising model iteratively generates the predicted
action sequence, conditioned on the unmasked encoder output.
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Fig. 2. Structure of the proposed gated decoder. The proposed decoder employs a gated structure comprising /N layers. During the denoising process, the
input traverses all NV layers sequentially to complete a single denoising step. It is important to distinguish between the training and inference phases in terms of
denoising steps. During training, a step number ¢ is sampled uniformly from the range [0, 7] for each denoising operation. In contrast, inference requires the
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execution of the full sequence of T' denoising steps.

As shown in Fig. 1, the ensemble structure comprises two
main components: an encoder Ey(-), which generates condi-
tion features for the diffusion process, and a decoder D, (-),
which transforms Gaussian noise through the diffusion process
to predict the action sequence A. The overall process includes
two phases: a training phase, during which the encoder and
decoder are optimized to segment corrupted inputs, and an
inference stage, where Gaussian noise is denoised based on
the conditions derived from the input video.

The proposed method, GPDAS, is built upon the diffusion
process. Let Ag, Ay, ...., A7 denote the sequence of ground-
truth labels progressively corrupted into Gaussian noise. Ac-
cording to the basic diffusion theorem, the forward process
can be formulated as follows:

Ay = Vayuxo + V1 — e, @)

where ¢ is Gaussian white noise.

The encoder E4(V') projects the input video features into a
higher dimensional space V € RL*P’ where D’ is the hidden
dimension. To generate condition features, we use not only
the output from the last layer of the encoder, but also splice
outputs from different layers to form a cross-layer feature
representation. Inspired by [27] [4], we apply a masking
strategy to the extracted features to generate diffusion condi-
tions. The spliced cross-layer feature is multiplied element-
wise (Hadamard product) with a mask to produce masked
encoding: V ® M ask. Following [26], we adopt three masking
strategies for masked encoding: (1) Full Masking: Random
video segments are masked to leverage the benefits of temporal
context. Only location embeddings are used. (2) Transition
Masking: Regions near action boundaries are masked with
a small probability to enhance robustness against ambiguity.
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(3) Sequence Masking: The entire action duration of a single
action feature segment is masked to enable inference under the
absence of temporal dependencies. In each training iteration,
only one masking strategy is randomly selected, generating
a mask Mask € {0, 1}TXD,. The masked features are then
input into the decoder as conditions, promoting robustness
prior learning.

Based on cross-layer features with a masking strategy
V©® M ask, the decoder uses this as a condition for the diffusion
process. It combines this condition with the diffusion time
steps and the corrupted feature Ap to perform the denoising
process: D, (Ar,t,V © Mask). The denoised sequence is
represented as: A7, Ar_1,...., Ag, from the noisy feature Az
to the prediction Ay during inference. Following [5], we can
directly sample the noise corresponding to a given timestep
t without simulating the entire forward diffusion process.
Consequently, for each training iteration, we randomly select
a denoising step t ~ Uniform{l,2,...,T}. The backward
process can be formulated as follows:

As_1 =\/a_1Dw(Ar, t,V © Mask)+
. 5 At — /@ Duw(Ar,t,V © Mask) ®
V1-a1 —o? ! L oe.
V1—at

where gt,l and Zt are the denoised action sequences at the
respective steps. At the end of the denoising step, we obtain
the final predicted action sequence Ag.

C. Gated Decoder for Probabilistic Diffusion

In this section, we elaborate on the novel structure of our
proposed decoder: the gated probabilistic diffusion network.
This generator backbone is designed to enhance the gated
temporal diffusion model by effectively modeling temporal
dependencies and managing the distinction between observed
and future frames. As the core component of the reverse
diffusion process, the gated temporal diffusion model predicts
denoised action labels, enabling the generation of multiple
plausible future action sequences conditioned on partially
observed video data.

The decoder structure of GPDAS is shown in Fig. 2. It
is worth noting that the decoder employs a shared structure
during both training and inference stages, although the input
conditions differ. It is organized as a multi-layer network,
with each layer containing multiple blocks of gated temporal
convolution. Within these blocks, a gating mechanism adap-
tively controls the information flow between the observed and
future frames. Crucially, by learning the degree of mixing at
different network layers, this gating mechanism ensures the
model effectively leverages observed data while generating
coherent predictions for unseen future classes.

At each step ¢ of the denoising process, the decoder receives
an input that combines the current noisy action labels A; and
the feature sequence of conditions. This sequence may be
either V or V © Mask, depending on the phase (training of
inference). Denoting Z,, ; as the features in decoder layer n at
denoising step ¢, the computation within each block proceeds
as follows:

Gated convolution: The gated convolution branch is re-
sponsible for learning the soft mask to dynamically select and
emphasize feature information that is more important to the
current task, while suppressing irrelevant or noisy information.
A dilated temporal convolution computes gating values that
determine the relevance of input features from the previous
layer Z,,_1 . This process can be formulated as follows:

Gy =0(WE,+ Zn_14+b5,), ©9)

where W, and b, are the weight and bias for the n-th
decoder layer at the ¢-th denoising step, o denotes the sigmoid
activation function, and G,, ; is the gated feature output for the
n-th decoder layer at denoising step t.

Feature Convolution: The feature convolution branch is
responsible for extracting potentially relevant features in the
action sequence and further computing with the mask gener-
ated by the gate convolution branch. Parallel to the branch of
gated convolution, the branch of feature convolution operates
as follows:

Foi =Wy Zn1:+0b),, (10)

where Wf ., and bﬁ’t are the weights and bias of the feature
convolution branch, and F}, ; is the feature convolution output
for the n-th decoder layer at denoising step ¢. This branch
does not employ any activation function. The main reason is
that the gated convolution branch has generated mask features
which can be regarded as an activation function. Therefore, the
feature convolution branch must retain the original features to
avoid conflicts between two branches. After obtaining results
from both branches, the final output is computed via element-
wise multiplication: Y, ; = G, © F, ¢, where Y, ; is the
fused output of the gated- and feature-convolution branches.
The output Y, ; is then passed through a 1 x 1 convolution
followed by the ReLU activation function to produce the final
result. Subsequently, the addition is produced in element-wise
order between the cross-attention branch and Y,, ; to produce
the output for the n-th decoder layer at denoising step ¢: Z,, ; =
Y, + + CrossAtten.

D. Loss Functions:

The loss function of our framework is divided into two
components: action loss and boundary loss. As shown in
Fig. 1, we use both the encoder’s and decoder’s outputs to
generate losses to further balance the condition generation and
prediction process. We denote the encoder features as Y™ and
the decoder features as Y%,

Action Loss: Action classification is treated as a standard
classification task. The loss function used is the standard cross-
entropy loss for classification, which minimizes the negative
log-likelihood of the ground-truth action class for each frame:

L C
_ 1 E : § : de/en
Ccls = 7LC Al,c IOg }/l,c ) (11)

=1 c=1
where longflf/ “" represents the logits from both the decoder
and encoder for frame [ and class ¢, and A; . is an element
of the action label for frame [ and class c. We use logits from
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TABLE I
COMPARISON WITH STAT-OF-THE-ART METHODS. THE BEST PERFORMANCE IS HIGHLIGHTED IN BOLD.

GTEA 50Salads Breakfast

Method F1@{10,,25,50} Edit Acc F1@{10,25,50} Edit Acc F1@{10,25,50} Edit Acc
MS-TCN++ [14] 88.8/85.7/76.0 83.5 80.1 80.7/78.5/70.1 74.3 83.7 64.1/58.6/45.9 65.6 67.6
SSTDA [28] 90.0/89.1/78.0 86.2 79.8 83.0/81.5/73.8 75.8 83.2 75.0/69.1/55.2 73.7 70.2
GTRM [29] -/-1- - - 75.4/72.8/63.9 67.5 82.6 57.5/54.0/43.3 58.7 65.0
BCN [1] 88.5/87.1/77.3 84.4 79.8 82.3/81.3/74.0 74.3 84.4 68.7/65.5/55.0 66.2 70.4
MTDA [30] 90.5/88.4/76.2 85.8 80.0 82.0/80.1/72.5 75.2 83.2 74.2/68.6/56.5 73.6 71.0
G2L [15] 89.9/87.3/75.8 84.6 78.5 80.3/78.0/69.8 73.4 82.2 74.9/69.0/55.2 73.3 70.7
HASR [31] 90.9/88.6/76.4 87.5 78.7 86.6/85.7/78.5 81.0 83.9 74.7/69.5/57.0 71.9 69.4
ASREF [32] 89.4/87.8/79.8 83.7 71.3 84.9/83.5/77.3 79.3 84.5 74.3/68.9/56.1 72.4 67.6
ASFormer [33] 90.1/88.8/79.2 84.6 79.7 85.1/83.4/76.0 79.6 85.6 76.0/70.6/57.4 75.0 73.5
UARL [34] 92.7/91.5/82.8 88.1 79.6 85.3/83.5/77.8 78.2 84.1 65.2/59.4/47 .4 66.2 67.8
DPRN [35] 92.9/92.0/82.9 90.9 82.0 87.8/86.3/79.4 82.0 87.2 75.6/70.5/57.6 75.1 71.7
SEDT [36] 93.7/92.4/84.0 91.3 81.3 89.9/88.7/81.1 84.7 86.5 -/-I- - -

TCTR [3] 91.3/90.1/80.0 87.9 81.1 87.5/86.1/80.2 83.4 86.6 76.6/71.1/58.5 76.1 71.5
FAMMSDTN ([37] 91.6/90.9/80.9 88.3 80.7 86.2/84.4/77.9 79.9 86.4 78.5/72.9/60.2 71.5 74.8
DTL [38] -/-I- - - 87.1/85.7/78.5 80.5 86.9 78.8/74.5/62.9 71.7 75.8
UVAST [39] 92.7/91.3/81.0 92.1 80.2 89.1/87.6/81.7 83.9 87.4 76.9/71.5/58.0 77.1 69.7
Diffact [4] 92.5/91.5/84.7 89.6 82.2 90.1/89.2/83.7 85.0 88.9 80.3/75.9/64.6 78.4 76.4
GPDAS, Ours 93.3/92.6/86.7 91.3 81.8 91.3/90.6/85.8 86.7 89.1 80.8/76.2/64.8 79.2 76.8

both the decoder and encoder simultaneously to compute the
loss.

Boundary Loss: Boundary loss consists of two components:
boundary regression probability loss and boundary classifi-
cation loss. To promote local similarity along the temporal
dimension, the boundary regression loss is computed as the
mean squared error of the log-likelihoods between adjacent
video frames. This encourages consistency in predictions over
time. This loss is formulated as follows:

L-1 C
1 de/en de/en
Lp=—"""— Hl Y, —logy, ,
P -ne ; ; 08T T8 Nte |
de/en de/en (12)
where logy, " and log Y, ] .~ are logits from the decoder

and encoder for frames [ and /41, and C represents the number
of classes. L2 norm is used in this loss function.

For the boundary classification loss, boundary labels are
required for training. For a ground-truth boundary label AB €
{0,1}E71, we use a_softness calculation based on Gaussian
kernel to generate AB. The boundary classification can be
regarded as binary classification, which can be expressed as
follows: | L1

L:B = -

oD ; (AB1og (1 - vyt vide ) + )

(1 75) o 17 8.
where log Ylde and log Yl‘fl represents the logit output only
from the decoder for frames [ and [ + 1.

The overall loss function used for training is a weighted
combination of the three components:

L=aLlp+BLp+vLes, (14)
where «, 8, and ~ are manually selected hyperparameters that
balance the contributions of the three losses.

IV. EXPERIMENTS
A. Datasets.
GTEA: The Georgia Tech Egocentric Activity (GTEA)
dataset consists of first-person perspective videos capturing
daily activities, such as cooking and cutting. Each video is

annotated at the frame level with actions such as “open”,
“close”, and “pour”. Each video is a clip with a duration of
one minute. 50 Salads: The 50 Salads dataset comprises third-
person perspective videos of individuals preparing various
salads. Each video captures a distinct salad-making process,
featuring frame-level annotated actions such as “cut tomato”,
“peel cucumber”, and “mix ingredients”. This dataset serves as
a standard benchmark for action segmentation and anticipation
tasks, offering a controlled environment for studying sequential
cooking actions. Breakfast: The Breakfast dataset is a large-
scale collection of third-person perspective videos depicting
the preparation of breakfast meals. It features a diverse range
of frame-level annotated actions, including “pour milk”, “stir
coffee”, and “fry egg” across numerous videos. All three
datasets are divided into four subsets. We perform training
and testing on each subsection and report the results in terms
of three evaluation metrics.

B. Evaluation Metrics.

We evaluated performance using three standard metrics
commonly adopted in prior work: (1) Frame-wise Accuracy
(Acc) measures the proportion of correctly classified video
frames. (2) Edit Score (Edit) computes the minimum number
of editing operations required to transform the predicted action
sequence into the ground truth sequence by using Levenshtein
distance. It strictly measures the action sequence between
the prediction and the ground truth at the frame level. (3)
Segmental F1 Scores (F1 @ 10, 25, 50) calculate the harmonic
mean of precision and recall for detection of action segments
at three temporal overlap thresholds: 10%, 25% and 50%.

C. Implementation Details.

We use I3D-pretrained features [40], following the same pre-
processing steps as in prior work. The input video feature of
the encoder V' has a dimensionality of 2048. Both the encoder
E4(-) and decoder D, (-) are implemented using the ASFormer
architecture [33]. Encoder and decoder configurations vary
across datasets. For the 50 Salads and GTEA datasets, the en-
coder consists of 10 layers with hidden dimension of 64, while
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the decoder contains 8 layers with hidden feature dimension
of 24. For the Breakfast dataset, the encoder has 10 layers
with 256-dimensional hidden features, while the decoder uses
8 layers with 128-dimensional hidden features.

As illustrated in Fig. 1, we extract multiscale features from
multiple encoder layers. The features are concatenated, and
subsequently masking is applied to condition the decoder.
Specifically, we use features from the Sth, 7th, and 9th encoder
layers for GTEA and 50 Salads, and from the 7th, 8th, and
Oth layers for Breakfast.

D. Comparison to State-of-the-art:

Our proposed GPDAS framework demonstrates strong per-
formance compared to state-of-the-art methods across three
benchmark datasets: GTEA, 50 Salads, and Breakfast. As
shown in Tab. I, GPDAS achieved outstanding results in 50
Salads and Breakfast, while delivering competitive perfor-
mance in GTEA. In 50 Salads, our method improves the Edit
metric to 86.7, surpassing recent approaches such as Diffact
(85.0) and SEDT (84.7). In Breakfast, GPDAS increases the
Edit metric to 79.2, outperforming strong baselines like DTL
(77.7) and Diffact (78.4). In GTEA, GPDAS achieved compet-
itive results, particularly excelling in frame-wise accuracy. The
gated decoder in GPDAS performs especially well in larger and
more complex datasets (Breakfast, 50Salads), demonstrating
its effectiveness in modeling action dynamics. It serves as a
powerful paradigm for diffusion-based action segmentation,
effectively capturing temporal dependencies and mitigating
over-segmentation errors through iterative denoising.

V. CONCLUSIONS

In this work, we have introduced an improved framework for
temporal action segmentation that employs denoising diffusion
models to iteratively generate action sequences conditioned
on video features. Our approach, named Gated Probabilistic
Diffusion Action Segmentation (GPDAS), formulates action
segmentation within a generative framework. This enables the
model to capture the prior distribution of human actions while
iteratively refining predictions through a denoising process.
The gated decoder architecture further enhances the system by
dynamically selecting features to generate refined segmentation
outputs. This improves the model’s ability to handle complex
temporal dynamics and long-range dependencies inherent in
video data.
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