
Neurocomputing 454 (2021) 373–381
Contents lists available at ScienceDirect

Neurocomputing

journal homepage: www.elsevier .com/locate /neucom
Efficient Two-Step Networks for Temporal Action Segmentation
https://doi.org/10.1016/j.neucom.2021.04.121
0925-2312/� 2021 Elsevier B.V. All rights reserved.

⇑ Corresponding authors.
E-mail addresses: fenglin@dlut.edu.cn (L. Feng), liusl@dlut.edu.cn (S. Liu).
Yunheng Li a, Zhuben Dong b, Kaiyuan Liu b, Lin Feng b,⇑, Lianyu Hu a, Jie Zhu c, Li Xu c,
Yuhan wang a, Shenglan Liu b,⇑
a School of Computer Science and Technology, Dalian University of Technology, Dalian 116024, China
b School of Innovation and Enterpreneurship, Dalian University of Technology, Dalian 116024, China
cAlibaba Group, China
a r t i c l e i n f o

Article history:
Received 18 December 2020
Revised 24 April 2021
Accepted 30 April 2021
Available online 4 May 2021
Communicated by Zidong Wang

Keywords:
Temporal action segmentation
Temporal series pyramid networks
Local Burr suppression
Two-step method
a b s t r a c t

Due to boundary ambiguity and over-segmentation issues, identifying all the frames in long untrimmed
videos is still challenging. To address these problems, we present the Efficient Two-Step Network (ETSN)
with two components. The first step of ETSN is Efficient Temporal Series Pyramid Networks (ETSPNet)
that capture both local and global frame-level features and provide accurate predictions of segmentation
boundaries. The second step is a novel unsupervised approach called Local Burr Suppression (LBS), which
significantly reduces the over-segmentation errors. Our empirical evaluations on the benchmarks includ-
ing 50Salads, GTEA and Breakfast dataset demonstrate that ETSN outperforms the current state-of-the-art
methods by a large margin.

� 2021 Elsevier B.V. All rights reserved.
1. Introduction

Analyzing human actions in videos is of vital importance for
many applications such as human action analysis [8,35,34,36,33]
and surveillance [18]. It is crucial to temporally segment activities
in long untrimmed videos for many application scenes, like surveil-
lance [31,32] and video processing. Therefore, approaches for tem-
poral action segmentation have received more attention. While
recognizing actions from short trimmed videos has achieved great
performance [26,23,29,1,27,28], labeling all the frames in a long
untrimmed video is still challenging.

One main challenge is the problem of inaccurate action bound-
aries [30], which is caused by sudden label changes but gradual
transitions of actions. The state-of-the-art methods mainly focus
on improving receptive fields for modeling long-term dependency
in order to identify hard-to-recognize frames of action boundaries.
For example, the baseline model MS-TCN [4] expands the temporal
receptive fields by increasing the number of network layers. How-
ever, the higher layers lead to the loss of local information and the
lack of correlation of long-range dependency. In addition, simply
relying only on the features of long-term dependency tends to out-
put low confident or even incorrect predictions for ambiguous
frames of action boundaries.
Another common challenge is that over-segmentation errors
[4,17,30] always occur in temporal action segmentation tasks for
single frame classification. The current state-of-the-art methods
tend to predict incorrect segments because of the inevitable noise
in videos. We define the incorrect frames produced by over-
segmentation errors as burrs. Previous methods [4,17] alleviate
this problem by additional temporal smoothing loss functions.
Recent method [30] trains an extra network to smooth the burrs
of predictions but suffers high computational cost. However, these
methods are not satisfactory for solving the problem of over-
segmentation errors.

To tackle the challenges above, we design the Efficient Two-
Step Network termed as ETSN, as shown in Fig. 1. The first step
of ETSN is the Efficient Temporal Series Pyramid Networks (ETSP-
Net) that captures both local and global temporal dependency.
Moreover, it also recognizes ambiguous frames to provide accurate
predictions of segmentation boundaries. The second step is a novel
unsupervised approach called Local Burr Suppression (LBS), which
addresses the problem of over-segmentation.

Different from the previous works [4,17] which enlarge model-
ing capacity by stacking multiple dilated convolutions, ETSPNet
provides a new perspective to operate on the full temporal resolu-
tion. An efficient temporal series pyramid of dilated convolutions is
used to enlarge temporal modeling capacity and receptive fields,
which is beneficial to produce more confident predictions for
ambiguous segmentation boundaries.

http://crossmark.crossref.org/dialog/?doi=10.1016/j.neucom.2021.04.121&domain=pdf
https://doi.org/10.1016/j.neucom.2021.04.121
mailto:fenglin@dlut.edu.cn
mailto:liusl@dlut.edu.cn
https://doi.org/10.1016/j.neucom.2021.04.121
http://www.sciencedirect.com/science/journal/09252312
http://www.elsevier.com/locate/neucom


Fig. 1. Overview of the Efficient Two-Step Network (ETSN) comprised of Efficient
Temporal Series Pyramid Networks (ETSPNet) and Local Burr Suppression (LBS).
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Although ETSPNet has the ability of modeling various temporal
dependency, burrs still exist in temporal action segmentation task.
Different from smoothing loss function [4,17] and smoothing glo-
bal predictions [30], we argue that burrs occur local of predictions
due to over-segmentation. So, we propose a post-processing
approach called LBS to locate and remove burrs. In this sense,
ETSN, the union of ETSPNet which provides more accurate bound-
aries for burrs and LBS, is able to greatly reduce over-segmentation
errors (See Section 3.2 for details).

Finally, we evaluate ETSN on three datasets with high spatio-
temporal variations: including GTEA [5], 50Salads [25] and Break-
fast dataset [9]. Our method achieves an improvement of 2.3% for
GTEA and 5.3% for Breakfast in F1@10 score and 4.5% gain in seg-
mental edit distance for 50salads. In summary, our paper makes
three main contributions:

1.Efficient Temporal Series Pyramid Networks (ETSPNet): We
design a novel network structure that efficiently captures both
local and global frame-level features to boost the performance
of frame-level classification.
2.Local Burr Suppression (LBS): We propose a post-processing
unsupervised method to greatly reduce over-segmentation
errors. LBS is a general solution that F1 scores have improved
by combining state-of-the-art methods.
3.Action Segmentation with ETSN: Our two-step approach
achieves state-of-the-art results on three challenging bench-
marks for action segmentation: including 50Salads [25], GTEA
[5] and Breakfast dataset [9].

2. Related work

2.1. Temporal action segmentation

Temporal convolution networks (TCN) are used by Action Seg-
mentation methods to capture frame-level features for frame
labeling. For example, Lea et al. [13] used an encoder-decoder
architecture to capture long-range dependency for action segmen-
tation and detection. Lei et al. [15] introduced deformable convolu-
tions to replace the normal convolution of [13] and added a
residual stream with high temporal resolution. In contrast to above
approaches, Farha et al. [4] used dilated convolutions to increase
the temporal receptive fields instead of the commonly used tempo-
ral pooling. Li et al. [17] introduced a dual dilated layer on top of
[4] that combines both large and small receptive fields. However,
1 Since they use the target label for cross-domains action segmentation during
training model, we will not compare with SSTDA in this paper.
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it greatly increases the amount of model parameters. Chen et al.
1 [2] proposed Self-Supervised Temporal Domain Adaptation
(SSTDA) to jointly align cross-domain feature spaces embedded with
local and global temporal dynamics.

The above methods [13,4,17] enhance the temporal receptive
fields to capture long-term dependency by increasing the complex-
ity of themodel. But only capturing the features of long-termdepen-
dency might result in losing fine-grained information that is
necessary for frame recognition. Different from the previous meth-
ods, our framework uses an efficient pyramidmodel to capture both
local and global features of frames. And it tackles the problems of
inaccurate boundaries and incorrect classifications of short actions.

2.2. Reducing over-segmentation errors

For over-segmentation errors, the state-of-the-art methods
generally adopted smooth label strategy. The previous methods
[4,17] usually added temporal smoothing loss functions to sup-
press over-segmentation errors. For over-segmentation problem,
the two-stream segmentation methods achieve better perfor-
mance than the existing single-stream segmentation methods. Li
et al. [30] designed the Local Barrier Pooling (LBP) as the second-
stream network to generate smoother predictions from the output
of temporal model. Compared with LBP [30], we propose an unsu-
pervised method called LBS which only modify local over-
segmentation frames of the video. The union of ETSPNet and LBS
can better alleviate the problem of over-segmentation.

3. Technical approach

In this section, we introduce our approach ETSN for action seg-
mentation. Section 3.1 illustrates how to utilize an efficient tempo-
ral series pyramid network to enlarge temporal modeling.
Section 3.2 shows how our proposed novel Local Burr Suppression
removes the burrs of predictions. Section 3.3 introduces the train-
ing details of our framework. Let X ¼ ½x1; � � � ; xT � 2 RDs�Tbe the input
to ETSN, our goal is to predict the class label for frames
C ¼ ½c1; � � � ; cT �, where T is the number of frames in a video and Ds

is the dimension of the feature.

3.1. Efficient temporal series pyramid networks

It is of vital importance to establish models for temporal struc-
tures to recognize label of frames in temporal action segmentation
task. To get better performance, recent methods [4,17] mainly
focus on capturing long-term dependency by increasing the com-
plexity of the model. But simply capturing the features of long-
term dependency might result in losing fine-grained information
and predicting inaccurate action boundary. In the field of image
segmentation, the spatial pyramid structure is introduced in Effi-
cient Spatial Pyramid Network (ESPNet) [20] to increase the accu-
racy of determining image segmentation boundaries. Inspired by
this, we build a pyramid structure in the time series to capture
multi-scale features with a large temporal receptive field, so that
the ETSPNet can predict more accurate temporal sequence seg-
mentation boundary.

3.1.1. ETSPNet
The first layer of ETSPNet is a 1� 1 convolutional layer that

adjusts the dimension of the input features to match the number
of feature maps in the network. Moreover, the output of this layer
is used as the starting feature of the network. To generate the tem-
poral features of multi-scale receptive fields, this layer is followed
by several layers of dilated 1D convolution, whose input is the
starting feature. In addition, we use a dilation factor that is doubled



Y. Li, Z. Dong, K. Liu et al. Neurocomputing 454 (2021) 373–381
at each layer. All these layers have the same number of convolu-
tional filters with kernel size 3. Each layer applies a dilated convo-
lution with ReLU activation and 1� 1 convolutional layer. The
dilated 1D convolution of layer k generates the feature vector Hk,
which can be formulated as:

Hk ¼ W2 � ðReLUðW1 � Xstart þ b1ÞÞ þ b2; ð1Þ
where Xstart is the starting feature, � denotes the convolution oper-
ator,W1 2 R3�D�D is the weight matrix of the dilated convolution fil-
ters with kernel size 3 and D is the number of convolutional filters,
W2 2 R1�D�D is the weight matrix of the 1� 1 convolution, and
b1; b2 2 RD indicate the bias vectors. Since the receptive fields grows

2k with the number of layers k, we achieve a very large receptive
fields with a few layers by using dilated convolution, which helps
in preventing the model from over-fitting during training. In addi-
tion, we connect the output features of each dilated convolution
layer together to obtain the features of different receptive fields,
which is significantly benefits to identify frames with different
degrees of difficulty. The receptive field of each layer can be formu-
lated as:

ReceptiveFieldðkÞ ¼ 2k � 1; ð2Þ
where k 2 ½1;K� is the layer number.

Only using 4 convolution layers to capture frame-level features
easily incurs under-fitting problems for hard frames of training
data, which result in achieving bad performance in fine-grained
action segmentation task. So the output of the previous dilated
convolutional layer is input to each dilated convolutional layer
on the base of the starting feature. These operations are illustrated
in Fig. 2. Not only does ETSPNet have a complex network structure
but also the temporal receptive fields of each dilated convolution
are doubled. In addition, 1� 1 convolution is utilized to keep con-
sistent with the dimension of the starting feature. We further use
residual connections upon the output of the last convolution to
facilitate gradients. The output vector Gk of the improved dilated
1D convolution can be formulated as:

Gk ¼ W2 � ðReLUðW1 � ðXstart þ Gk�1Þ þ b1ÞÞ þ b2; ð3Þ
where Gk�1 indicates the output of the previous layer. To obtain the
probabilities for the output class Mt , we apply a 1� 1 convolution
over the output of the last convolution layer and then add a softmax
activation layer as:

Mt ¼ SoftmaxðWhE;t þ bÞ; ð4Þ
where hE;t is the output of the last convolution layer at time t,

W 2 RC�D and b 2 RC are the weights and bias for the 1� 1 convolu-
Fig. 2. Overview of the ETSPNet. Conv-1 is a 1� 1 convolutional layer. And, DConv-
3 is a dilated 1D convolution with ReLU activation and 1� 1 convolutional layer. At
each layer k, the dilated residual layer uses a convolution with dilated factor 2k .
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tion layer. C is the number of classes and D is the number of convo-
lutional filters.

In order to refine the initial predictions, we add multi-stage
temporal convolutional network [4] based on the previous stages.
Different from MS-TCN [4], we use ETSPNet instead of SS-TCN [4]
to extract features of the frames and generate initial predictions.
It contains multi-scale features and preserves the temporal resolu-
tion of the input sequence, which produces more confident predic-
tions of boundaries. More specifically, using long-term dependency
of frame-level features, ETSPNet can identify the different classifi-
cations of two adjacent video segments while it can recognize
more accurate action boundaries by short-term dependency.

3.2. Local Burr suppression

Although ETSPNet improves the performance of action segmen-
tation, the predictions still contain over-segmentation errors. Pre-
vious work has shown that temporal smoothing losses of
temporal consistency [4,17] still tend to over-segment actions.
Extant two-stream method [30] generates smoother predictions
from the output of temporal model by averaging predictions
among neighborhood with adaptive weights aware of action
boundaries. However, it requires an additional complex network,
which suffers from expensive computational cost.

Algorithm 1: Local Burr Suppression (LBS)

Input: Initial prediction Mt , Pre-set burrs window size L, Pre-
set confidence threshold P

Output: Refinded predictions Mr

1: Remove the short action segments
2: Calculate the length of each action segment to get the
action length (n).

3: if (n < L) and (MeanðPiÞ < P)then
4: Locate the burrs.
5: if Even-numbered continuous burrs then
6: Perform the even-numbered continuous burrs
process.

7: else Odd-numbered continuous burrs
8: Ignore the middle burrs and perform the even-
numbered continuous burrs process. 9: end if

10: if Isolated burrs then
11: Perform the isolated burrs process.
12: end if
13: end if

Different from smoothing loss function [4,17] and smoothing
global predictions [30] of all the frames, we argue that burrs are
caused by over-segmentation occured local of prediction. Inspired
by the non-maximum suppression (NMS) [7] removal of redundant
detection boxes, we provide a post-processing unsupervised
method called LBS, which is effective to correct over-
segmentation errors. LBS can be implemented as Algorithm 1, it
can be simply decomposed into two parts after the predictions of
ETSPNet: First, locating the real burrs with the length and the aver-
age confidence of the segments. Second, removing burrs of the pre-
dictions according to the type of burrs.

3.2.1. Locating the burrs
For the predicted labels generated by ETSPNet, we calculate the

length of each action segment to get the action length (n). Then the
short action segments that are impossible to occur are directly
removed. Moreover, we judge the action segment smaller than
the pre-set burrs window size L as suspicious burrs. In addition,
the real burrs are picked up from suspicious burrs by the pre-set



Fig. 3. Overview of how LBS removes the burrs of initial predictions. Different color bands represent different action classes, and the horizontal direction denotes the time
axis. The default value is L = 4 and P = 0.5. Given the initial prediction Mt , we first locate the burrs with the length and the average confidence of action clips. Then, burrs are
removed according to the type of them to generate refinded predictions Mr . (For interpretation of the references to colour in this figure legend, the reader is referred to the
web version of this article.)
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confidence threshold (P) of the action segments, as shown in the
above part of Fig. 3. It is difficult for LBS to regard correctly labeled
video clips as burrs because the average confidence of real seg-
ments is much higher than that of burrs.

3.2.2. Removing the burrs
According to the number of continuous burrs, we divide them

into continuous and isolated burrs. For continuous burrs, we take
two consecutive burrs as an example to illustrate how LBS removes
them, as illustrated in Fig. 3. The segmentation point between two
continuous burrs is very possible to be a real segmentation bound-
ary, because the model has identified the correct action boundaries
even though the judgment of the segment category is incorrect. For
this reason, we use the category of adjacent non-burr to replace
that of previous burr and do the same for the subsequent burrs.
For odd-numbered continuous burrs, we ignore the middle burrs
and convert them to even-numbered burrs for processing. For iso-
lated burrs, it is divided into two consecutive burrs (based on the
length of the front and back adjacent non-burr segments of the
burr) and performed the same removal work as that of two consec-
utive burrs.

3.3. Training ETSN

First, ETSPNet is trained to generate initial predictions. It con-
tains ten dilated convolutional layers, in which the dilation factor
d is doubled in each layer. For ETSPNet training, we set the number
of filters to 64 in all the layers of the model (128 for GTEA) and the
kernel size is 3. This is bacause GTEA dataset has only 28 videos but
11 action categories as shown in Table 1, model requires more fea-
tures to recognize frames of the action segments. The detailed
parameter settings of SS-TCN are the same as [4]. Compared with
the 50salads dataset, the Breakfast dataset has 1712 videos and
48 action categories, which makes it more difficult to identify all
the frames. So we use Adam optimizer with a learning rate 10�3
Table 1
The statistics of action segmentation datasets.

GTEA 50Salads Breakfast

# videos 28 50 1712
# subjects 4 25 52
# classes 11 17 48
# instances/video 20 20 6
cross-validation 4 5 4
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for 50Salads and GTEA dataset and a learning rate 5� 10�4 for
Breakfast dataset. Moreover, we multiply the learning rate by 0.5
every 30 epochs for all datasets. For LBP, we set L ¼ 40 and
P ¼ 0:31 for GTEA, L ¼ 50 and P ¼ 0:36 for 50Salads, and L ¼ 100
and P ¼ 0:68 for Breakfast dataset.

4. Experiments

4.1. Datasets and evaluation metrics

We evaluate our proposed ETSN on three challenging action
segmentation datasets: GTEA [5], 50salads [25] and Breakfast data-
set [9]. The overall statistics of the three datasets are listed in
Table 1. Some sample images in GTEA and Breakfast datasets are
shown in Fig. 4.

For all the datasets, we report the three evaluation metrics as in
[4]: frame-wise accuracy (Acc), segmental edit score and the seg-
mental F1 score at the IOU thresholds 0.10, 0.25 and 0.5, denoted
by F1@ {10,25,50}. The segmental F1 score as proposed by [13] is
used as a measure of the quality of the predictions. As with mAP
detection scores, the precision and recall are computed for true
positives, false positives, and false negatives summed over all
classes, so the segmental F1 score is defined as F1 ¼ 2 prect�recall

prectþrecall :

Although the accuracy is the most commonly used metric for tem-
poral action segmentation, long action classes have a stronger
impact than short action classes on this metric while over-
segmentation errors can hardly affect it. The segmental edit score
is only related to the actions sequence of predictions. Moreover,
the F1 score can penalize over-segmentation errors while it does
not penalize minor temporal shifts between the predictions and
ground truth. As for this reason, we use the F1 score to evaluate
the quality of the prediction.

4.2. Study on ETSPNet and LBS

In this subsection, we validate the ability of our proposed ETSP-
Net and LBS by comparing to MS-TCN [4] and MS-TCN++ [17].
ETSPNet aims to provide a more precise prediction of frames in
videos. Although MS-TCN++ 2 [17] achieves better performance, it
costs 100% extra time compared with MS-TCN [4]. The performance
of ETSPNet is almost identical to that of MS-TCN++ (e.g., 0.5% on
Breakfast and �0.6% on 50salads for Acc) as shown in Tables 4 and
2 The training epoch is 100 for MS-TCN++ and 50 for MS-TCN and ETSPNet.



Fig. 4. Sample image categories from the GTEA and Breakfast datasets.

Table 2
FLOPs, speed and GPU memory cost. The FLOPs is for one random sample with frames = 1000. The speed and memory is measured on a single GTX 2080 Ti GPU with batch size
= 1 in PyTorch evaluation mode. Network time is time of training the model for 50 epochs on 50Salads dataset.

Model Params FLOPs Network time Memory

MS-TCN [4] 80.0 K 80.0 M 5.2 min 1.6G
MS-TCN++ [17] 99.8 K 99.8 M 9.0 min 1.7G
ETSPNet 84.1 K 84.1 M 5.2 min 1.7G
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5. Moreover, Table 2 shows ETSPNet halves the Network time on the
50salads dataset. In addition, the latency and GPU memory cost of
ETSPNet are almost the same as MS-TCN [4] baseline but achieves
better performance (e.g., 9.8% on Breakfast for F1@10 score, 9.0%
on 50salads and 3.3% on GTEA for Edit score). This is because captur-
ing both local and global temporal features makes it easier to recog-
nize simple-to-hard frames of the action segments. As shown in
Fig. 5, compared with MS-TCN++ [17], the action boundary of the
sequence predicted by ETSPNet is more accurate and closer to
Ground Truth. But ETSPNet also strengthens the effect of noises
and results in the drop of F1 score compared with MS-TCN++ [17].

LBS aims to reduce over segmentation errors. As a general unsu-
pervised approach, LBS only deals with the initial predictions gen-
erated by current predictive models. So we directly combine LBS
with state-of-the-art methods for experiments. As shown in Tables
4 and 5, with LBS refining the predicted labels, MS-TCN [4] and MS-
TCN++ [17] gain higher F1 scores on three datasets than before.
Fig. 5. The visualization of temporal action segmentation for differrnt methods with col
with that of the unions of them and LBS.
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This effect is clearly visible in terms of reducing over segmentation
errors, LBS achieves huge improvement on the basis of the method
simply using smoothing loss function. Furthermore, to prove LBS
can suppress burrs correctly, we visualized the prediction of labels
as shown in Fig. 5. It shows that although the correct action clips of
‘add_salt’ whose length is less than L but confidence is above P, so
LBS do not recognize it as burrs. Although ETSPNet can achieve a
high accuracy, there are many burrs in its predictions, which
results in a low F1 score. This is mainly due to the accuracy is to
evaluate single frame and does not reflect over-segmentation
errors. In contrast, the F1 score can penalize over-segmentation
errors, which is more indispensable for temporal action segmenta-
tion task. The F1 score of ETSN is improved by large margin, and
LBS ensures the completeness of the action clips. However, the
accuracy of ETSN drops, because LBS may change the category of
the correct clips which have only a few frames into the wrong
category.
or-coding on 50salads. We compare the predictions of MS-TCN++ [17] and ETSPNet



Table 3
Impact of L and P on the Breakfast dataset.

Impact of P F1@f10;25;50g Edit Acc

ETSN(P ¼ 0:58; L ¼ 100) 73.0 68.1 54.6 69.9 67.4
ETSN(P ¼ 0:65; L ¼ 100) 74.0 68.6 55.6 70.5 67.1
ETSN(P ¼ 0:68; L ¼ 100) 74.0 69.0 56.2 70.3 67.8
ETSN(P ¼ 0:69; L ¼ 100) 73.4 68.4 55.0 69.3 67.0
ETSN(P ¼ 0:70; L ¼ 100) 73.6 68.7 55.8 68.9 67.5
Impact of L F1@f10;25;50g Edit Acc
ETSN(L ¼ 90; P ¼ 0:68) 73.3 68.5 55.0 69.0 67.1
ETSN(L ¼ 100; P ¼ 0:68) 74.0 69.0 56.2 70.3 67.8
ETSN(L ¼ 110; P ¼ 0:68) 73.9 68.9 55.6 69.6 67.5

Table 4
Comparing our proposed method with existing methods on the Breakfast dataset. (* obtained from [3]).

Breakfast F1@f10;25;50g Edit Acc

ED-TCN [13]* – – – – 43.3
HTK [11] – – – – 50.7
TCFPN [3] – – – – 52.0
HTK(64 [10]) – – – – 56.3
GRU [21]* – – – – 60.6
GRU+ length prior [12] – – – – 61.3
MS-TCN (I3D) [4] 52.6 48.1 37.9 61.7 66.3
MS-TCN [4] (LBS) 70.7 65.0 52.0 69.1 68.4
MS-TCN++ [17] 64.1 58.6 45.9 65.6 67.6
MS-TCN++ [17] (LBS) 73.1 67.9 54.7 69.3 68.4
BCN [30] 68.7 65.5 55.0 66.2 70.4
ETSPNet 62.4 57.0 45.2 66.2 68.1
ETSN 74.0 69.0 56.2 70.3 67.8
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4.3. Ablation study on hyper-parameters

The effect of the proposed removing burrs is controlled by two
hyper-parameters: L and P. In this section, we study the impact of
these parameters and see how they affect the performance of the
proposed model.

Impact of L: To analyze the effect of this parameter, we train
different models with different values of L. As shown in Table 3,
L is of no obvious effect on the performance. Reducing L to 90 still
improves the performance but drops compared to the default value
of L ¼ 100. Increasing its value to L ¼ 110 also causes a degradation
in performance. This drop in performance is due to too small Lmay
lose some real burrs while too large L will incorrectly recognize
true clips as suspicious burrs. And even LBS may delete some cor-
rect clips.
Table 5
Comparing our proposed method with existing methods on 50 Salads and GTEA dataset.

Dataset 50salads

Method F1@f10;25;50g Edit

Spatial CNN [14] 32.3 27.1 18.9 24.8
Bi-LSTM [24] 62.6 58.3 47.0 55.6
Dilated TCN [13] 52.2 47.6 37.4 43.1
ST-CNN [14] 55.9 49.6 37.1 45.9
TUnet [22] 59.3 55.6 44.8 50.6
ED-TCN [13] 68.0 63.9 52.6 52.6
TResNet [6] 69.2 65.0 54.4 60.5
TRN [16] 70.2 65.4 56.3 63.7
TDRN + Unet [16] 69.6 65.0 53.6 62.2
TDRN [16] 72.9 68.5 57.2 66.0
LCDC + ED-TCN [19] 73.8 – – 66.9
MS-TCN [4] 76.3 74.0 64.5 57.9
MS-TCN [4](LBS) 83.5 80.4 71.1 75.5
MS-TCN++ [17] 80.7 78.5 70.1 74.3
MS-TCN++ [17](LBS) 83.8 82.5 74.2 76.4
BCN [30] 82.3 81.3 74.0 74.3
ETSPNet 74.2 72.6 65.7 66.9
ETSN 85.2 83.9 75.4 78.8
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4.3.1. Impact of P
This hyper-parameter defines the threshold to distinguish the

real clips and burrs. While setting P ¼ 0:68 is the best performance,
reducing P to 0:70 still gives an improvement over the baseline.
This is mainly because when P is too large, LBS would judge some
correct action clips as burrs.

4.4. Comparison with the state of the art

Compared with MS-TCN [4] and MS-TCN++ [17], although ETSP-
Net produces more burrs, LBS can remove themmore easily. This is
because the length of burrs generated by ETSPNet are all less than
the pre-set burrs window size L of LBS, so LBS can remove all burrs
in the predictions as shown in Fig. 5. In addition, since ETSPNet
provides more accurate boundary for both action segments and
GTEA

Acc F1@f10;25;50g Edit Acc

54.9 41.8 36.0 25.1 – 54.1
55.7 66.5 59.0 43.6 – 55.5
59.3 58.8 52.2 42.2 – 58.3
59.4 58.7 54.4 41.9 – 60.6
60.6 67.1 63.7 51.9 60.3 59.9
64.7 72.2 69.3 56.0 – 64.0
66.0 74.1 69.9 57.6 64.4 65.8
66.9 77.4 71.3 59.1 72.2 67.8
66.1 78.1 73.8 62.2 73.7 69.3
68.1 79.2 74.4 62.7 74.1 70.1
72.1 75.4 – – 72.8 65.3
80.7 85.8 83.4 69.8 79.0 76.3
80.8 89.8 87.5 72.3 84.7 76.5
83.7 88.8 85.7 76.0 83.5 80.1
81.9 90.3 89.0 76.2 85.0 78.4
84.4 88.5 87.1 77.3 84.4 79.8
83.1 87.0 84.1 73.5 82.7 78.5
82.0 91.1 90.0 77.9 86.2 78.2
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burrs, ETSN can outperform the state-of-the-art temporal action
segmentation methods. In Tables 4 and 5, our model outperforms
the state-of-the-art methods on the three datasets with respect
to F1 score and segmental edit distance (such as a large margin
up to 5.3% for the F1@10 score on the Breakfast dataset).

Although the accuracy of the the-state-of-art method is higher
than that of ETSN, it is difficult to predict correct action boundary
and even lose short action clips. In additon, the F1 score can penal-
ize over-segmentation errors and not penalize for minor temporal
shifts between the predictions and ground truth, which is more
essential for temporal action segmentation task. In this sense, com-
pared with the union of MS-TCN++ [17] and LBS, ETSN predicts
more accurate action boundary, and ensures the completeness of
action segments, which is closer to ground truth, as shown in
Fig. 5. It is worth noting that compared with baseline our model
uses fewer computational cost.
5. Conclusion

We present a new framework called ETSN for temporal action
segmentation, which consists of two components: ETSPNet for cap-
turing multi-scale features and Local Burr Suppression for recog-
nizing and removing burrs of the predictions. Our empirical
evaluation on the benchmark 50Salads, GTEA and Breakfast
demonstrate that ETSN outperforms the state-of-the-art models
by a large margin. The superior performance of ETSN owes to the
fact that it is able to predict action segments more precisely and
greatly reduce over-segmentation errors. It implies our two-step
approach achieves significantly performance than the method that
simply stacking deeper temporal convolutions layers and using
smoothing loss. In future research, we will investigate more effec-
tive methods to remove burrs, and evaluate the proposed method
on more datasets, such as supervised methods to remove burrs
that exist in temporal action segmentation task.
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