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Abstract
In this paper, we propose an uncertainty-aware rep-
resentation Learning (UARL) method for action
segmentation. Most existing action segmentation
methods exploit continuity information of the ac-
tion period to predict frame-level labels, which ig-
nores the temporal ambiguity of the transition re-
gion between two actions. Moreover, similar peri-
ods of different actions, e.g., the beginning of some
actions, will confuse the network if they are an-
notated with different labels, which causes spatial
ambiguity. To address this, we design the UARL
to exploit the transitional expression between two
action periods by uncertainty learning. Specially,
we model every frame of actions with an active
distribution that represents the probabilities of dif-
ferent actions, which captures the uncertainty of
the action and exploits the tendency during the ac-
tion. We evaluate our method on three popular ac-
tion prediction datasets: Breakfast, Georgia Tech
Egocentric Activities (GTEA), and 50Salads. The
experimental results demonstrate that our method
achieves the performance with state-of-the-art.

1 Introduction
Human action analysis has become a significant area in com-
puter vision since the study of human movement is indis-
pensable in practical application [Li et al., 2021]. With the
development of action analysis [Menapace et al., 2021], the
input data changes from videos posing in the conditional en-
vironment to the untrimmed videos in the wild [Sultani et al.,
2018]. The complexity of actions changes from a single step
to a series of activities, such as the instructional video. De-
spite the enormous amount of works conducted in this area
[Ahn and Lee, 2021; Wang et al., 2020; Li et al., 2020;
Ishikawa et al., 2021], the tasks in the action analysis are still
challenging, such as action segmentation. Because the pattern
diversity of activities is very rich and the lengths variances of
actions are considerable. Detecting the actions in a long video
is to localize the start time and the terminal time in the whole
video for every existing action [Dai et al., 2021]. Unlike the
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Figure 1: Comparisons of the proposed UARL with conventional
action segmentation methods. The top row shows an example of an
action video clip that contains two actions. The provided annota-
tions are ‘cracking egg’ and ‘frying egg’ in the temporal domain.
The conventional action segmentation methods treat the annotations
into one-hot vectors to supervise the training process of the segmen-
tation networks. However, this manner creates a switching point be-
tween two actions. The probability of action ‘cracking egg’ changes
smoothly in the temporal domain. We propose the uncertainty-aware
representation learning method to encode the gradually changing
tendency. (Best viewed in color)

action detection task, action segmentation aims to predict the
correct category of every frame in the video, which obtains
the start time and the terminal time of actions and segments
the actions in the frame level [Sridhar et al., 2021]. The ac-
tion segmentation is defined as predicting the action category
of every frame and evaluated by the prediction accuracy of all
frames [Lea et al., 2017a].

It is challenging to accurately segment the actions at the
frame level, especially for the transition region between two
actions. The majority of existing methods for action segmen-
tation can be mainly classified into three categories: methods
of the sequential model [Farha and Gall, 2019], architectures
of multi-stream [Gammulle et al., 2019], and temporal con-
volutional networks [Lei and Todorovic, 2018]. The meth-
ods of the first category aim to capture the long-short term
relation with the iterative framework. Still, they are neither
flexible for the input data nor remembering the information
of all time. The methods for the second category extract
complementary information from different streams of input
data, such as RGB frames and depth images. The compu-
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tational cost of these methods increases with the number of
different streams. For the third category, the methods design
framework with Temporal Convolutional Networks (TCNs).
These methods adjust handcrafted receptive fields of the net-
work, which cannot satisfy the requirement of generalization.
All these methods ignore a significant point: the input data’s
ambiguity. For example, in Figure 1, ambiguity exists in
the transition region between two action periods. The anno-
tated action categories switch suddenly at the transformation
frame. However, the changing process of actions lasts several
frames. This kind of annotation creates ambiguity and makes
it challenging for action segmentation.

To address the above limitations of previous works for
action segmentation, we present an uncertainty-aware rep-
resentation learning (UARL) method. Figure 1 shows the
motivation of our approach. Our UARL aims to model the
ambiguity of frames by uncertainty learning. We consider
that the probabilities of frames between two actions should
change smoothly from one activity to another instead of either
abrupt change. The smooth changing of probability can re-
duce the interference from the annotated frames. To describe
and eliminate the annotation ambiguity of action frames, we
model every frame of the input video sequence into a distribu-
tion represented by the parameterized Gaussian distribution.
Through this soft supervision, our model can learn a map-
ping from the input RGB data into a probability space. Then
we utilize the sampling operation to reflect the probability of
action and predict the action category for every frame. Ex-
perimental results on three benchmarks demonstrate the ef-
fectiveness of our proposed approach.

2 Related Work
Action Segmentation: Many works have been proposed for
action segmentation. These previous methods can be mainly
classified into three categories: sequential model methods,
multi-stream architectures, and temporal convolutional net-
works. For the first category, the proposed sequential mod-
els exploit the long-short term dependencies, which apply in
the iterative architecture. [Farha and Gall, 2019] proposed a
multi-stage architecture to directly predict the label of every
frame by utilizing the temporal convolutions. Each stage gen-
erates a candidate prediction for the next refine step, trained
with the classification loss and smooth loss. But these mod-
els are limited by the inflexible modules and suffer from in-
formation forgetting. For the second category, multi-stream
approaches utilize complementary information among differ-
ent streams. [Gammulle et al., 2019] presented a CGAN
model to continuously fine-grain human action segmentation,
using the RGB frames and the complementary information,
such as optical flow and depth data. But these methods in-
crease the computational redundancy in capturing long-short
term information of multiple streams. For the third category,
these methods are based on the temporal convolutional net-
work (TCN), a unified structure by adjusting receptive fields
and processing long videos in parallel. [Lei and Todorovic,
2018] proposed an approach for computing two parallel tem-
poral streams: residual stream for full temporal resolution and
pooling/un-pooling steam for capturing long-range video in-

formation. But these adjustments of receptive fields still rely
on human design, which is not appropriate.

Uncertainty Learning: In recent years, uncertainty
learning has made obvious progress in computer vision and
attracted more attention in modeling the ambiguity tasks
by improving discriminant Deep Neural Networks (DNNs).
There are two main categories of uncertainty learning meth-
ods: model uncertainty and data uncertainty. For the first
category, model uncertainty represents the uncertainty of
model parameters caused by the training data [MacKay, 1992;
Kendall et al., 2015; Gal and Ghahramani, 2016]. This
kind of uncertainty can be reduced by enlarging the num-
ber of data. [Kendall et al., 2015] proposed a deep-learned
method of probabilistic pixel-wise segmentation that can pre-
dict pixel-wise category with a measure of model uncer-
tainty. They conducted Monte-Carlo sampling with a dropout
at the testing process to generate a posterior distribution of
pixel-level categories. [Gal and Ghahramani, 2016] pro-
posed a framework casting dropout training in Deep Neu-
ral Networks (DNNs) by approximating Bayesian inference
in deep Gaussian processes, which can model uncertainty
with drop neural networks. The proposed method repre-
sents the uncertainty without sacrificing either computational
complexity or accuracy. For the second category, data un-
certainty considers the uncertainty in the input data caused
by the process of capturing data [Kendall and Gal, 2017;
Kingma and Welling, 2014]. This kind of uncertainty comes
from the noise in the original data and cannot be elimi-
nated by simply enlarging the amount of data. [Kingma
and Welling, 2014] showed that the reparameterization of
the variational lower bound yields a lower bound estimator
for straightforwardly optimizing standard stochastic gradient
methods. They proposed a stochastic variational inference
and learning architecture, which scales to large datasets un-
der mild differentiable conditions. [Kendall and Gal, 2017]
studied models under the framework for two tasks: per-
pixel semantic segmentation and depth estimation by present-
ing an explicit uncertainty formulation. The proposed for-
mulation can be interpreted as learned attenuation. In this
work, we propose an uncertainty-aware representation learn-
ing (UARL) method for action segmentation by representing
the uncertainty of every frame.

3 Proposed Approach
In this section, we first introduce the pipeline of uncertainty-
aware representation learning (UARL). Then we present the
details of our method.

Figure 2 shows the pipeline of our proposed UARL. The
input of our method is the untrimmed video, and we han-
dle every frame recurrently, which aims to encode the tem-
poral relation between adjacent frames. Firstly, we extract
the frame-level feature and utilize the extracted feature as the
input of the uncertainty prediction module. Then we predict
several results of action categories with uncertainty predic-
tion shown at the bottom of Figure 2. Lastly, we fuse the
predicted action classes to refine the final prediction of the
input frame. The bottom part of Figure 2 illustrates the de-
tails of the process of uncertainty prediction. We utilize the
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Figure 2: The pipeline of our method and details of uncertainty learning. We utilize the feature extractor to capture the original features of
input frames. Then we predict the uncertainty of the frames by mapping the original features into the corresponding distributions. We employ
the Monte-Carlo sampling operation to obtain the uncertainty feature and predict the action category with the predictor. Lastly, we refine the
category of the input image with the predicted action category that has encoded the uncertainty of the input action.

extracted feature to establish the distribution of current time
and consider the consistency in the temporal domain [Guan
et al., 2021]. Our uncertainty network establishes a mapping
from the feature to a distribution. Then we sample from the
learned distribution to generate the sampling feature for pre-
dicting one probable action for the action segmentation.

Feature Extractor: We define the input sequence of the
video as S = {st : 1, ..., T} ∈ Rnw×nh , where st refers to
the tth frame. T is the total length of the video. nw and
nh are the width and height of the input frames. We uti-
lize the feature extractor, Ω(·), to capture the original fea-
tures from the video that is defined as F = {ft : 1, ..., T},
which is formulated as F = Ω(S). The extracted feature
F contains the spatio-temporal information since we use the
spatial-temporal convolutional network as the backbone of
the feature extractor.

Uncertainty Predictor: The annotation of every frame
is a one-hot vector which means that every frame only repre-
sents one specific action, obviously imprecise for the classi-
fier. For example, at the beginning of an action, the observed
frames may be several possible actions, which are reflected
by the uncertainty, in other words. We design the uncertainty
predictor to reduce the interference of the rigid annotation for
the network. We represent the uncertainty of input videos as
probabilistic distributions formulated as z ∼ p(z|ft). Since
we predict the uncertainty for every frame, we only mark the
input and output variables with frame index t at the subscript.
For the input ft and the corresponding label y, we marginalize
over the embedding distribution to compute the correspond-
ing probability as the prediction that is represented as follows:

p(y|ft) =
∫

p(y|z)p(z|ft)dz, (1)

However, this representation is difficult for the designed net-
work to utilize and train. We approximate the (1) with the
Monte-Carlo sampling, which is represented as follows:

p(y|ft) ≈
1

N

N∑
n=1

p(y|z(n)), (2)

From (2), the total number of sampling times equals N for
every feature ft. n refers to the current sampling times.

We define the embedding z as a multivariate Gaussian dis-
tribution and sample from the distribution p(z|ft), which can
be formulated as follows:

p(z|ft) = N(z;ν(ft),σ(ft)), (3)

where ν(s is the mean vector and σ(s) represents the diago-
nal covariance. We denote the parameters of the shared layers
in the uncertainty network as δs(·) and denote corresponding
parameters of the head branches network as δν(·) and δσ(·).
The mean and diagonal covariance are represented as follows:

ν(ft) = δν(δs(ft)),σ(ft) = δσ(δs(ft)), (4)
where ν(s) reflects the most likely probability that decides
the action category of the current frame. σ(s) reflects the
intensity of the embedding variance that represents the diver-
sity of the action. The more the variance is, the more the
uncertainty of the input sequence is, and the more diverse the
current frame is. The sampling operation cannot be differen-
tiable. Thus we utilize the reparameterization trick mentioned
in [Kingma and Welling, 2014] to make the operation back-
propagation as follows:

z(n) = ν(ft) + diag(
√
σ(ft)) · π(n), π(n) ∼ N(0, I), (5)

Based on (5), we sample noise from the Gaussian distribu-
tion of N(0, I). Then we can obtain the z(n) with (5) instead
of sampling from the original distribution of N(ν(ft),σ(ft)).
With this format, the network can easily back-propagate in
the training process. Our proposed uncertainty module aims
to decrease the disturbance of the hard annotation, especially
for the transition region, in the training process. Sampling
operation provides us the embedded feature that is denoted as
u(n) and is formulated as follows:

u(n) = ν(ft)+diag(
√
σ(ft))·ϕ(π(n)), π(n) ∼ N(0, I), (6)

where ϕ(·) is the sampling operation that refers to the sam-
pling function in (2). We design another predictor network
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to generate the uncertainty prediction for the corresponding
samplings. (6) is the format of the sampling process, which
is derivable for the network training. For the nth sampling
of the input frame ft, we denote the prediction result as A(n)

t .
Based on the previous formulation (4) and (6), the uncertainty
prediction A(n)

t can be represented as follows:

A(n)
t = ωΦ(u(n)) = ωΦ[ν(ft) + diag(

√
σ(ft)) · ϕ(π(n))]

= ωΦ[δν(δs(ft)) + diag(
√

δσ(δs(ft))) · ϕ(π(n))], (7)

where Φ refers to the parameters of the embedding layers in
the predictor network and ω = [ω1, ω2, ..., ωC ]

⊤ is the pa-
rameters of the classification layer. C is the total category of
actions in videos. Thus we integrate the existing classification
methods with our proposed approach, and the loss function is
formulated as follows:

Lpre(ft)=− 1

NT

T∑
t=1

N∑
n=1

log p(A(n)
t = c|z(n); δs,ν,σ,Φ, ω, ϕ)

=− 1

NT

T∑
t=1

N∑
n=1

log
exp(ω⊤

c Φ(u
(n)))∑C

r=1 exp(ω⊤
r Φ(u

(n)))
. (8)

Moreover, we tend to drop the discriminative information
as little as possible. Thus we design a reconstruction loss
Lrec, which computes the difference between the sampling
and original features and can be represented as Lrec =
∥u(n) − ft∥1. Moreover, since the consecutive frames in
videos have temporal continuity, the uncertainty of consec-
utive frames should also be close. We propose an extra un-
certainty smoothing loss Ls−unc together with the smoothing
loss of predicted labels Ls−pre to guarantee the frame-wise
prediction continuity.

Ls−pre(ft) =
1

NT

T∑
t=1

N∑
n=1

(A(n)
t−1 −A(n)

t )2 (9)

Ls−unc(ft) =
1

T

T∑
t=1

∥σ(ft−1)− σ(ft)∥2 (10)

To avoid the predictions from degenerating into determin-
istic embeddings by outputting negligible uncertainties, we
introduced an extra regularization loss term Lreg to bound
the learned distribution from standard normal distributions,
which is a KL divergence term as follows:

Lreg(ft) = KL(N(z;ν(ft),σ(ft))∥N(0, I)). (11)

The final loss function for training the module of uncertainty
prediction is denoted as Lun that is formulated as follows:

Lun = Lpre + λ1Lrec + λ2Ls−pre + λ3Ls−unc + λ4Lreg.
(12)

Refiner: We design a refiner to make the prediction result
for frames more smooth. Our proposed uncertainty predic-
tion architecture generates the potential action category frame
by frame. The predicted results may have the situation that
the current prediction is a trip point. This point is unreason-
able for a sequence prediction since temporal consistency is
a common constraint for sequential tasks. Thus we design a

refiner module to combine the consistency of actions and the
result of uncertainty prediction. The output of the uncertainty
prediction is based on the sampling times n, which should
be fused to predict the one most probable action category.
We utilize the vote operation and formulate the prediction as
Ct = Λ(A(n)

t ). We denote the parameters of the refiner net-
work as θ(·), and the output can be represented as follows:

Mt = θ(Ct) = θ(Λ(A(n)
t )), (13)

4 Experiments
In this section, we first introduce three datasets that we con-
ducted the experiments on. Then we describe the implemen-
tation details of our model. Lastly, we show our experiments
and comparisons with other methods on three datasets.

Datasets: We evaluate our proposed method on three
challenging action segmentation datasets: 50Salads [Stein
and McKenna, 2013], Georgia Tech Egocentric Activities
(GTEA) [Fathi et al., 2011], and the Breakfast dataset [Hilde
et al., 2014]. The 50Salads dataset contains 50 top-view
videos of salad preparation with 17 different action classes.
The 5-fold cross-validation is performed for evaluation. The
GTEA dataset contains 28 egocentric videos of daily kitchen
activities with 11 classes of action. We use the 4-fold
cross-validation to evaluate the performances. The Break-
fast dataset contains 1,712 third-person videos of breakfast
preparation activities, including 48 types of different actions.
For evaluation, the standard 4-fold cross-validation is used to
evaluate the performances. For consistency, all videos from
the above datasets are set to 15 fps.

Implementation Details: The UARL approach is imple-
mented as an implanted module plugged into the existing ac-
tion segmentation backbone models. For the inputs, we used
the 2048-d I3D [Carreira and Zisserman, 2017] frame-wise
features extracted by [Farha and Gall, 2019]. We chose 3
different state-of-the-art backbone models to validate the ef-
fectiveness of our approach: MS-TCN++ [Li et al., 2020],
ASRF [Ishikawa et al., 2021], and ASFormer [Yi et al.,
2021]. The backbone model plays the roles of the feature
extractor and the refiner in our proposed pipeline. The ex-
tracted feature size is set to 64 for each video frame. The
head branches network δν and δσ are implemented by 1D
convolutions. The total sample time N is dynamically ad-
justed according to model scales and video lengths. For the
loss function, we set the weight as 0.01 for Lrec (λ1), the
weight of the regularization term is set to 1e−4 (λ4), and the
weights of all smoothing terms are set to 0.15 (λ2 and λ3).
We trained the models for 200 epochs. For optimization, we
used Adam optimizer with the learning rate of 0.0005 and the
batch size of 1 for all experiments in this paper.

Evaluation Metrics: For evaluation, we use three met-
rics: the frame-wise accuracy (Acc), segmental edit distance,
and the segmental F1 score at overlapping thresholds 10%,
25%, and 50%, denoted by F1@10,25,50. While frame-wise
accuracy is the most common metric, it is insensitive to over-
segmentation errors. To better penalize for over-segmentation
errors, we also choose the segmental edit distance [Lea et al.,
2016] and segmental F1 score [Lea et al., 2017b].
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(a) The qualitative comparison of action segmentation results.

(b) The root mean square result of the predicted uncertainties for the sample in (a).

Figure 3: The illustration of the action segmentation results.

GTEA F1 Score Edit Acc@10 @25 @50
MSTCN++ 88.8 85.7 76.0 83.5 80.1
MSTCN++ + UARL 90.1 87.8 76.5 84.9 78.8
ASRF 89.4 87.8 79.8 83.7 77.3
ASRF + UARL 89.9 88.0 75.5 86.2 77.3

50 Salads F1 Score Edit Acc@10 @25 @50
MSTCN++ 80.7 78.5 70.1 74.3 83.7
MSTCN++ + UARL 80.8 78.7 69.5 74.6 82.7
ASRF 84.9 83.5 77.3 79.3 84.5
ASRF + UARL 85.1 83.6 77.4 78.7 84.0

Breakfast F1 Score Edit Acc@10 @25 @50
MSTCN++ 64.1 58.6 45.9 65.6 67.6
MSTCN++ + UARL 65.2 59.4 47.4 66.2 67.8

Table 1: Improvement results on action segmentation dataset.

Improvements from State-of-the-Art Models: To val-
idate that our UARL can boost the performance of existing
models for action segmentation, we plugged in our UARL
to the backbone models mentioned above on the three ac-
tion segmentation datasets. The results are shown in Ta-
ble 1. Our approach generally improves the action segmen-
tation performances from the backbone models. Specifically,
UARL mainly improves performance by evaluating F1 score
and segmental edit distance, which demonstrates that the
uncertainty-aware module can improve the backbone models
by reducing over-segmentation errors. Figure 3(a) displays
the qualitative comparison of the action segmentation results.
It can be seen that some of the transient segmentation errors
have been corrected by our approach, which indicates that the
uncertainty-aware method has a better ability to represent the
indeterminate frames.

Comparison with the State-of-the-Art: By introduc-
ing the uncertainty-aware module into the action segmen-
tation backbone models, our approach achieves competitive
performances of the current state-of-the-art. We compare

Method F1 Score Edit Acc@10 @25 @50
BCN 88.5 87.1 77.3 84.4 79.8
MS-TCN++ 88.8 85.7 76.0 83.5 80.1
ASRF 89.4 87.8 79.8 83.7 77.3
G2L 89.9 87.3 75.8 84.6 78.5
SSTDA 90.0 89.1 78.0 86.2 79.8
SSTDA+HASR 90.9 88.6 76.4 87.5 78.7
ASFormer 90.1 88.8 79.2 84.6 79.7
ASRF + UARL 89.9 88.0 75.5 86.2 77.3
ASFormer + UARL 92.7 91.5 82.8 88.1 79.6

Table 2: Comparing our approach with SOTA methods on GTEA.

Method F1 Score Edit Acc@10 @25 @50
MS-TCN++ 80.7 78.5 70.1 74.3 83.7
BCN 82.3 81.3 74.0 74.3 84.4
SSTDA 83.0 81.5 73.8 75.8 83.2
ASRF 84.9 83.5 77.3 79.3 84.5
ASFormer 85.1 83.4 76.0 79.6 85.6
ASFormer + ASRF 85.1 85.4 79.3 81.9 85.9
SSTDA + HASR 86.6 85.7 78.5 81.0 83.9
MSTCN++ + UARL 80.8 78.7 69.5 74.6 82.7
ASRF + UARL 85.3 83.5 77.8 78.2 84.1

Table 3: Comparing our approach with SOTA methods on 50 Salads.

our method with various action segmentation approaches, in-
cluding BCN [Wang et al., 2020], MS-TCN++ [Li et al.,
2020], ASRF [Ishikawa et al., 2021], G2L [Gao et al., 2021],
SSTDA [Chen et al., 2020], HASR [Ahn and Lee, 2021],
and ASFormer [Yi et al., 2021]. Table 2 shows the compar-
ison results on the GTEA dataset. Our approach (ASFormer
+ UARL) reaches the current state-of-the-art except for the
Acc metric. Moreover, Table 3 shows the comparison results
on the 50 Salads dataset. Our approach (ASRF + UARL)
achieves competitive performances with current state-of-the-
art methods. It should be noticed that ASRF is not the cur-
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Loss terms F1 Score Edit AccLpre Ls−pre Lreg Lrec Ls−unc @10 @25 @50√ √
× × × 88.5 86.7 74.8 82.4 79.1√ √ √

× × 88.9 87.3 73.7 83.6 80.0√ √ √ √
× 89.1 87.2 74.3 84.1 77.5√ √ √ √ √

90.1 87.8 76.5 84.9 78.8

Table 4: Effect on different loss terms. The experiments are con-
ducted on GTEA using MSTCN++ as the backbone model.

GTEA with Lrec
F1 Score Edit Acc@10 @25 @50

ASFormer × 91.8 90.8 81.6 87.2 81.3√
92.7 91.5 82.8 88.1 79.6

50 Salads with Lrec
F1 Score Edit Acc@10 @25 @50

MSTCN++ × 78.2 76.1 67.9 70.4 83.2√
80.8 78.7 69.5 74.6 82.7

Breakfast with Lrec
F1 Score Edit Acc@10 @25 @50

MSTCN++ × 62.3 56.7 44.3 64.6 66.7√
65.2 59.4 47.4 66.2 67.8

Table 5: Effect of the reconstruction loss term Lrec.

rent state-of-the-art method. ASFormer is more competitive
than ASRF, but it is not efficient since it uses the Transformer
model [Vaswani et al., 2017] as its backbone. The average
length of the videos in 50Salads is longer than that in GTEA.
Thus, the multiple-sampling strategy is not so applicable for
the 50Salads dataset when using heavy backbone models.
Even so, the UARL module still boosts the performance of
previous state-of-the-art approaches.

Effect of different loss terms: Our UARL approach in-
cludes five loss terms in total. The Lpre and Ls−pre are mod-
ified from the original action segmentation loss terms [Farha
and Gall, 2019] of the backbone models. Besides, we pro-
pose the other three-loss terms on the uncertainty-aware mod-
ule. We perform several ablation studies to verify the effec-
tiveness of the proposed losses. The results are displayed in
Table 4. The regularization term Lreg improves the perfor-
mances from original losses except for the F1@50 metric,
which verifies the importance of preventing the model from
outputting worthless uncertainties. The reconstruction loss
Lrec is introduced to drop the discriminative information as
much as possible, minimizing the L1 distance between the
raw and embedded features. The introduction of Lrec helps
boost the performances and speed up the convergence. The
reconstruction loss makes the head branches networks δν and
δσ as decomposition networks that split the frame-wise fea-
tures into the mean and diagonal covariance of the multivari-
ate Gaussian distribution. To further verify the effects of the
reconstruction loss, we conduct additional ablation studies
across different datasets and backbone models. The results
are shown in Table 5. As can be seen, the reconstruction
loss boosts the action segmentation performances in all the
cases. We also test the effect on Ls−unc. The smoothing
loss in the original loss terms Ls−pre aims to constrain the fi-

Total sample time
of inference

F1 Score Edit Acc@10 @25 @50
N = 10 89.99 87.76 75.94 84.69 78.60
N = 20 89.70 87.84 76.22 85.25 78.84
N = 30 89.88 88.04 76.07 84.83 79.51
N = 40 89.75 87.73 75.24 84.63 77.90
N = 50 90.05 87.82 76.49 84.89 78.81

Table 6: Effect of the total sample time of inference stage. The
experiments are conducted on GTEA using MSTCN++ as the back-
bone model.

nal predicted labels to be as coherent as possible and control
the over-segmentation problems. At the same time, Ls−unc

bounds the temporal continuity of predicted uncertainties to
represent the predicted distributions of adjacent frames better.
The results prove that Ls−unc increases the final segmenta-
tion performance.

Effect of total sample time: Our UARL approach adopts
a dynamically adjusted sample time according to scales of
backbone models and sizes of video samples. For example,
regarding the heavy backbone models such as ASFormer [Yi
et al., 2021], we use fewer samples (N < 20). More samples
can be collected (N > 40) for lighter backbone models such
as MS-TCN++ [Li et al., 2020]. Intuitively, a larger sam-
ple time contributes to better segmentation performances. We
conduct ablation studies on the effect of sample time during
the inference stage, and the results are displayed in Table 6. In
general, the segmentation performance increases when more
samples are being collected.

5 Conclusion
In this paper, we have proposed an uncertainty-aware repre-
sentation learning (UARL) method for action segmentation.
Our UARL aims to reduce the interference of the frame-
level hard annotation in predicting the action of the transi-
tion region. We designed an uncertainty predictor to esti-
mate the ambiguity of every frame. By uncertainty learning,
we reflected the change in the probability of actions with the
change on the corresponding distribution of actions to allevi-
ate the influence of ambiguity in predicting actions in the tem-
poral domain. We utilized the sampling operation to promise
the module derivable and designed the reconstruction loss
to preserve the temporal consistency of actions, which are
two criteria of uncertainty prediction. Our proposed UARL
method exploits the transitional expression between two ac-
tion periods by modeling every frame of actions with a dis-
tribution. The experimental results on three datasets demon-
strate the effectiveness of UARL in alleviating ambiguity and
action segmentation.
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