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Abstract

Weakly supervised temporal action detection aims to lo-
calize temporal boundaries of actions and identify their cat-
egories simultaneously with only video-level category label-
s during training. Among existing methods, attention based
methods have achieved superior performance by separat-
ing action and non-action segments. However, without the
segment-level ground-truth supervision, the quality of the
attention weight hinders the performance of these methods.
To alleviate this problem, we propose a novel Uncertainty
Guided Collaborative Training (UGCT) strategy, which
mainly includes two key designs: (1) The first design is an
online pseudo label generation module, in which the RG-
B and FLOW streams work collaboratively to learn from
each other. (2) The second design is an uncertainty aware
learning module, which can mitigate the noise in the gen-
erated pseudo labels. These two designs work together to
promote the model performance effectively and efficiently
by imposing pseudo label supervision on attention weight
learning. Experimental results on three state-of-the-art at-
tention based methods demonstrate that the proposed train-
ing strategy can significantly improve the performance of
these methods, e.g., more than 4% for all three methods in
terms of mMAP@IoU=0.5 on the THUMOS 14 dataset.

1. Introduction

Temporal action detection aims to localize the temporal
boundaries of actions and identify their categories simulta-
neously in an untrimmed video [ 14, 8]. Because of its broad
application potentials in video summarization [22, 16],
video surveillance [ 7], visual question answering [23], and
others, it has attracted more and more attention from both
academia and industry in recent years. In the past decades,
numerous action detection methods have been proposed
based on one-stage detection framework [3, 24, 27] or two-
stage detection framework [33, 41, 37]. However, most of
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Figure 1. The action detection procedure for attention based meth-
ods: (1) The foreground attention weight is class-agnostic and
used to separate action and non-action segments by performing
threshold truncation on it. (2) Based on the foreground attention
weight and class activation sequence, the attention weighted class
activation sequence is obtained and used to score each detection
region. As a key component, the quality of the attention weight
has a significant impact on the detection performance. Howev-
er, without the ground-truth supervision, current attention based
methods cannot separate action and non-action segments well.

[

the existing methods require a large amount of labeled data,
which limits their scalability and practicability in the real-
world application scenarios, because it is prohibitive and
time-consuming to annotate a large dataset manually.

To overcome the above limitations, several recent work-
s focus on weakly supervised action detection by using d-
ifferent kinds of information as supervision, e.g., movie
scripts [1, 20], web videos [9],text descriptions [48], tem-
porally ordered action lists [2, | 1] and video-level catego-
ry labels [31, 45]. Due to the low labeling cost, video-
level category labels based weakly supervised temporal ac-
tion detection methods have become the mainstream in this
area. And existing works can be mainly categorized in-
to three groups, learning background suppression attention

weights [31, 32, 36, 21, 53], learning discriminative fea-
tures [35, 30] and erasing discriminative segments during
training [40, 56, 54]. Among these methods, attention based

methods have achieved superior performance. Figure 1
shows the action detection procedure for these methods. An
attention module is used to generate the foreground atten-
tion weight which is class-agnostic and indicates the proba-
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bility of a segment belonging to an action, and a classifica-
tion module is used to generate the class-specific Class Ac-
tivation Sequence (CAS). Then, action detection is achieved
by using the class-agnostic attention weight and the class-
specific class activation sequence.

Despite the success of these attention based methods,
without the ground-truth supervision on attention weight
learning, these methods cannot separate action and non-
action segments well, which hinders their detection perfor-
mance. To learn more robust attention weights for action
and non-action segments separation, it naturally comes in-
to mind that is it possible to provide pseudo labels to guide
attention weight learning? To achieve this goal, two issues
need to be considered. The first issue is how to generate
segment-level pseudo labels. It should be both efficient and
effective, so as to promote the model performance with little
sacrifice of training time. The second issue is how to handle
label noise effects in the pseudo labels, since it is inevitable
that the generated pseudo labels may be noisy.

Motivated by the above discussions, we propose an Un-
certainty Guided Collaboratively Training (UGCT) strategy
for weakly supervised temporal action detection, and the
framework is shown in Figure 2. To generate reliable pseu-
do labels, we design an online pseudo label generation mod-
ule to generate pseudo labels with teacher models, which is
inspired by the teacher-student approaches [43]. In specific,
we use an exponential moving average strategy to ensemble
the network weight in each training iteration to update the
teacher model. In this way, the teacher model can take the
historical information into consideration and provide more
reliable pseudo labels. Instead of training RGB and FLOW
streams independently, we propose to train them collabora-
tively. The teacher model in the RGB stream provides pseu-
do labels for the FLOW stream and the teacher model in the
FLOW stream provides pseudo labels for the RGB stream.
In this way, the teacher models serve as a bridge to train RG-
B and FLOW models collaboratively, which enables them
to enhance and promote each other. To mitigate the noise
in the generated pseudo labels, we propose an uncertain-
ty aware learning module to reduce the affection of noisy
labels. In specific, we add an uncertainty prediction mod-
ule to predict the uncertainty about the pseudo label. The
uncertainty prediction module is only used during training,
so it does not bring any extra computations during testing.
Based on the predicted uncertainty, a noise-robust pseudo
label loss function is developed, in which the predicted un-
certainty serves as a loss decay term. Segments with noisy
pseudo labels tend to be assigned large uncertainties, so that
the negative impact of noisy labels can be reduced.

In summary, the contributions of this paper are as fol-
lows: (1) We propose a novel uncertainty guided collab-
oratively training (UGCT) strategy for weakly supervised
temporal action detection, which can significantly improve

the performance of attention based methods without intro-
ducing any additional computational cost during testing. (2)
We conduct comprehensive experiments on two benchmark
datasets with three attention based methods to evaluate the
effectiveness of the proposed training strategy, and the re-
sults demonstrate that the proposed UGCT can consistently
improve the performance of these methods. With the pro-
posed training strategy, we set a new state-of-the-art perfor-
mance on both THUMOS14 and ActivityNet datasets.

2. Related Work

In this section, we briefly overview methods that are re-
lated to fully supervised and weakly supervised temporal
action detection.

Fully Supervised Action Detection. Fully supervised
action detection methods can be divided into two direction-
s: two-stage methods [7, 39, 46, 55] and one-stage meth-
ods [3, 24, 27]. For two-stage methods, candidate action
proposals are generated first and then each proposal is fed
into a classifier. Early work adopts the sliding window or
uniform sampling [34, 42, 51] to generate a large number
of candidate action proposals, which leads to huge com-
putation cost in later processing. And later work gener-
ates candidate proposals with content-dependent algorithm-
s [7, 55, 4], relieving the computation burden to an extent.
For example, SST [4] utilizes a recurrent GRU-based mod-
el to generate candidate proposals in one pass. And several
one-stage methods have been proposed recently [3, 27, 49],
where action proposals and classification scores are gener-
ated simultaneously. For example, SS-TAD [3] adopts the
Recurrent Neural Network to jointly predict action cate-
gories and temporal boundaries. Different from two-stage
methods, one-stage methods have higher efficiency while
lower accuracy. However, fully supervised methods rely on
substantial temporal action boundary annotations, which is
time-consuming and expensive.

Weakly Supervised Action Detection. To address the
limitation of fully supervised action detection, weakly su-
pervised action detection has been drawing increasing re-
search attention. In [44], it is the first method by using
video-level category labels as supervision for action de-
tection via a classification module and a selection module.
And later work can be mainly grouped into three categories.
The first group of works is attention based methods, which
aims at highlighting foreground segments and suppressing
background segments. In [31], a class-agnostic attention
mechanism together with a sparsity loss is used to identi-
fy key segments associated with actions. And Nguyen et
al. [32] extend this framework by introducing several back-
ground modeling losses to encourage the class-agnostic at-
tention weight to be consistent with the learned classifier.
Later, several other methods have been proposed by im-
posing different constrains on the attention weight, such
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as DGAM [36], Bas-Net [21], STAR [47] and TSCN [53].
These methods achieve superior performances in this area,
which indicates that the foreground-background separation
is of vital importance. The second group of works aim at
learning more discriminative features, and the basic idea
of these methods is to encourage more compact intra-class
feature representations by imposing different loss function-
s. In WTALC [35], a Co-Activity Loss is used to encourage
class-specific features from two videos with the same label
to be closer. And a Center Loss is proposed in 3C-Net [30]
for the same goal. Inspired by above two works, more so-
phisticated losses are proposed in later work [13, 29, 10].
Although attention based methods and learning discrim-
inative feature based methods have achieved remarkable
progress, a common issue for these methods is that they
tend to focus on the most discriminative action segments but
ignore trivial action segments, which results in incomplete
action localization. To mitigate this issue, the third group
of works resort to the erasing mechanism to highlight less
discriminative segments. For example, Hide-and-Seek [40]
proposes to randomly erase input segments during training,
which can force the model to discover less discriminative
segments. And more sophisticated erasing mechanisms are
used in later work such as Zhong et al. [56] and ASSG [54].
In this paper, we focus on the first group of works and de-
velop an uncertainty guided collaborative training strategy,
which can help to learn more robust attention weights.

3. Our Proposed Approach

In this section, we introduce some basic notations first
in Section 3.1. In Section 3.2, we review the basic frame-
work of attention based methods and introduce three meth-
ods based on which we conduct our experiments, includ-
ing one pioneer work (STPN [31]) and two recent works
(WSAL-BM [32], TSCN [53]). We then introduce the pro-
posed training strategy in Section 3.3, and discuss the dif-
ferences with existing work in Section 3.4.

3.1. Notations and Preliminaries

Given an untrimmed video V, we first divide it in-

to non-overlapping 16-frame segments V. = {v; €
RICXHXWX3AN | ag in previous methods [35, 38, 25, 31],

where N denotes the number of segments. Each segment v;
is then fed into a pre-trained feature extraction network (for
example, 13D [6]) to generate a d dimension feature vector
x;, and feature vectors of N segments are stacked togeth-
er to form a feature sequence X = [z1, 2o, ...,zy]  as the
video representation. During training, each video is associ-
ated with a ground truth label Y = [y1, y2, ..., yc], where
C denotes the number of action categories, y; = 1 indicates
that the i-th action happens in the current video and 0 oth-
erwise. If there may be multiple different action categories
in one video, Y is normalized with L1 normalization [32].

3.2. Review of Attention Based Methods

A typical framework for attention based methods is
shown in Figure 2 (a). Since models in the RGB and FLOW
streams are trained independently, we introduce them in a
unified perspective in this section. Given the extracted fea-
ture sequence X, the first step is to feed X into an attention
module to get the attention weight [A1, Az, ..., \y] € RY.
Then the attention weight is used to aggregate segment-
level features into a video-level feature as follows,

1 N
§:N§Ai*xi. (1)

The video-level feature is further fed into the classifier to
get the video-level prediction Y = [y1, 4o, ..., Yo, and the
classification loss is calculated as

c
Las ==Y yilogys. 2
i=1

Besides from the classification loss, attention based
methods usually have another attention loss L,;; to make
the attention weight focus on action-related segments. In
this work, we experiment with three attention-based meth-
ods and their attention losses are introduced as follows. For
STPN [31], a sparsity constrain is imposed on the attention
weight to focus on action-related segments as

1 N
Lo = ; Ai. 3)

In WSAL-BM [32], a background class is added in the clas-
sifier and the background feature is generated as

1 N
Xpy = NZ(I—/\i)*xi. 4)
=1

The background feature is fed into the classifier and the at-
tention loss is computed as the cross-entropy loss between
the prediction and a background label '. In TSCN [53], an
attention normalization loss is proposed to encourage the
attention weight to act like a binary selection as

Lot = % min Z A — 7 max A (5
A€ {\i}hea A€ {\i} xea
Al =1 Al =1

where [ is set to be N/8.

We use {R, F'} as the modality indicator for RGB and
FLOW streams respectively, and the RGB and FLOW mod-
els are trained with the weighted sum of the classification
loss and the attention loss as

E?;ase = [’zls + /B‘CZtt’v* € {R7 F} (6)
Following the practice of the original papers [31, 53, 32],
the weight (8 for the attention loss is set to be 0.1.

I There are another two losses in the original paper, but we find that they
cannot further promote the performance in our re-implementation.
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(a) A typical framework for attention-based methods

(b) The proposed uncertainty guided collaborative training strategy

Figure 2. (a) A typical framework for attention based methods. Note that the uncertainty branch is newly added in our training strategy
and is only used during training. (b) The proposed uncertainty guided collaborative training strategy. The teacher models of RGB and
FLOW streams provide segment-level pseudo labels for each other, which enables the RGB and Flow models to promote each other in a
collaborative way. The predicted uncertainty serves as a decay term in the pseudo label loss, which can reduce the negative impact of noisy

pseudo labels during training.

3.3. Uncertainty Guided Collaborative Training

As shown in Figure 2, there are four models in our train-
ing strategy including the RGB model, the Flow model,
the RGB teacher model, and the Flow teacher model. For-
mally, we denote the RGB and Flow models as M (-|0%)
and M (-|9F), and the RGB and Flow teacher models as
M(-|05T) and M(-|0FT) respectively, where #* denotes
the network parameters. There are two key designs in our
training strategy including an online pseudo label genera-
tion module and an uncertainty-aware learning module.

In the online pseudo label generation module, giv-
en the input video, the pre-extracted RGB and FLOW
features are fed into the RGB teacher model and the
FLOW teacher model respectively. We denote the out-
put attention weights of these two teacher models as
ART BT NET NBT] € RN and ATT =
MNTNETAET) € RN, With AT and AF'T, the pseu-
do label A% € RYN for the RGB stream and A” € RY for
the FLOW stream are generated as G(AYT) and G(AFT),
respectively. Here, G is a binarization function to get {0,
1}-value pseudo labels as defined in Equation (7).

1, if A\; > mean(A
G(0); { mean(d) ™
0, otherwise.

Although more sophisticated pseudo label generation strate-
gies can be applied, we experimentally find that this sim-
ple strategy works well enough. There are three important
factors in the online pseudo label generation strategy: (1)
The teacher model. During training, when the models are
not converged, the teacher model can take historical infor-
mation into consideration and provide more reliable pseudo
labels. (2) The RGB and FLOW models provide pseudo la-

bels for each other. The model in the RGB (FLOW) stream
can refer information from the FLOW (RGB) stream, and
the improvement in one modality will be delivered to the
other modality immediately. (3) The binarization function
G. The attention weight is used to separate action and non-
action segments by performing threshold truncation on it,
thus attention weights near {0, 1}-value are preferred. The
binarization function G can generate {0, 1}-value pseudo
labels, which can encourage the model to predict near {0,
1}-value attention weights.

Since we do not have the ground-truth supervision, the
generated pseudo labels are prone to be noisy. To deal with
this issue, inspired by bayesian deep learning [ 18], we pro-
pose an uncertainty-aware learning module. To be specif-
ic, we add an uncertainty prediction module to estimate the
uncertainty [af, a3, ..., a](* € {R, F'}) about the pseudo
labels. The uncertainty prediction module is removed af-
ter training, and it does not bring any extra computations
during testing. For a segment with the attention weight A,
pseudo label A, and uncertainty «, the noise-robust loss is
designed as

L(A, A, a)=e *D(}, /N\) + T, 8)
where 7 is a hyper-parameter to avoid predicting high un-
certainties for all pseudo labels, D measures the distance
between A and A. To understand why this loss can mitigate
the noise in the pseudo labels, we take a theoretical analy-
sis into Equation (8). To minimize Equation (8) under the
constrain o > 0, we can derive a analytical solution to « as

L log(222) if D(A,A) > 7
0, otherwise.

€))

This means that when D(], ) is larger than 7, the pseu-
do label A is suspected to be noisy. In this case, D(A, \)
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is multiplied with e™® < 1, thus the affection of X on the
model training will be decreased. This idea is wildly ac-
knowledged in the area of learning from noisy labels, and
the losses of samples with noisy labels are larger than those
of clean samples because clean samples quickly get fit at
that beginning [12, 15]. However, directly using the analyt-
ical solution ignores the input, which treats segments with
noisy labels and hard segments with correct labels in the
same way. But in our case, pseudo labels are generated by
the teacher model in another modality, label noise is not
random and usually depends on the content of input. Thus
instead of using the analytical solution, we use an uncer-
tainty prediction module to achieve our goal, which takes
the input feature into consideration and may discover the
common characteristics of segments that may have noisy
labels. With the noise-robust loss, the pseudo label losses
for RGB and FLOW streams are calculated as

N
1L s
L= 5 2 DG + ol (0)
i=1

N
Lh = %Z e DOF GARTY) + . (1)
i=1

There are two important factors in the uncertainty aware
learning module: (1) The choice of 7. As shown in Equa-
tion (9), T can be regarded as a soft threshold for consider-
ing pseudo labels to be noisy, and it should be set according
to the choice of distance measure function D. In this paper,
we adopt the mean square error and set it to be 0.1. (2) The
weight initialization of the uncertainty prediction module.
In the beginning, we do not know which segment has noisy
label, and all segments should be assigned low uncertain-
ties. To achieve this goal, we initialize the weights of the
uncertainty prediction module with a random Gaussian ini-
tialization, and the standard deviation and mean are set to
0.0001 and O respectively.

By combining the basic loss and the pseudo label loss,
the models in RGB and FLOW streams are collaboratively
trained with

LY = Lhgee +w(t)Lys, V5 € {R, F}. (12)
And w(t) is set as a time-varying parameter as in Equa-
tion (13), and it is gradually increased to 1 during the net-
work training, since the pseudo label supervision is less re-
liable in the early training stage.

wit) = {6_5*(1_2”1‘/[”””), if t <= MaxIter/2

1 otherwise.

(13)
For model updating, in the ¢-th iteration, 6% and 0T are

updated with the loss backward propagation

_ 9L
"o0;_,

where 7 is the learning rate. For the teacher models,

0; = 9:—1 7v* € {RaF}v (14)

aRT

and OF'T are updated with exponential moving average as

07 =10;T + (1= )0;, v« € {R, F}, (15
where + is a hyper-parameter and is set to be 0.999.
3.4. Discussions
Pseudo labels are also used in TSCN [53] and EM-

MIL [28] for attention weight learning, and the differences
are discussed as follows: (1) TSCN is an off-line method.
The RGB and FLOW models are trained first, and the
trained models are then used to generate pseudo labels on
attention weights. Based on the pseudo labels, they train the
RGB and FLOW models from start again. After retraining,
pseudo labels are generated again. This procedure repeats
until no performance gain is observed. While in our UGCT,
the pseudo labels are used as the bridge to train RGB and
FLOW models collaboratively. Besides, the pseudo labels
are generated in an online manner by teacher models, which
enables the models to be trained efficiently in one pass. (2)
In EM-MIL, the class-agnostic attention weight and class
activation sequence provide pseudo labels for each other in
an iterative way, which is significantly different from our
method. Besides, both two methods ignore the noise in the
pseudo labels, while we propose an uncertainty aware learn-
ing module to deal with this issue.

4. Experiment
4.1. Datasets and Evaluation Metrics

Datasets. We evaluate our method on two benchmark
datasets including THUMOS14 [14] and ActivityNet [5].
Here, ActivityNet consists of ActivityNetl.2 and Activi-
tyNet1.3. In THUMOS14 dataset, there are 200 validation
videos and 213 test videos that are annotated with temporal
action boundaries belonging to 20 categories. And there are
15 action clips per video in average on this dataset, which
makes it very challenging. Follow the protocol in previous
work [31, 44, 47, 35, 30, 56, 25, 38], the validation set is
used for training and the test set is used for evaluation in
this work. ActivityNet1.2 dataset contains 4819 training
videos, 2383 validation videos and 2480 testing videos be-
longing to 100 action categories. And ActivityNet1.3 con-
sists of 10024 training videos, 4926 validation videos and
5044 testing videos belonging to 200 action categories. S-
ince the annotations for the test set are not released, we train
our model on the training set and evaluate it on the valida-
tion set as in [31, 44, 47, 35, 30, 56, 25, 38].

4.2. Implementation Details

In this work, we use the 13D network [0] for feature ex-
traction, and the output feature dimension d is 1024. And
TV-L1 optical flow [52] is used to generate optical frames
for the FLOW stream. To verify the effectiveness of our
training strategy, we re-implement three attention based
methods in the same experiment setting. The model is
trained with the mini-batch size of 32 using the Adam [19]
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Table 1. Detection performance comparison with state-of-the-art methods on the THUMOS 14 test set. Note that weak™ represents methods
that utilize external supervision information besides from video labels, and (ours) represents our re-implementation.

.. mAP@IoU

Supervision Method Feawre | o1 02 03 04 05 06 07 Average(0.1:0.5)

S-CNN [20], CVPR2016 : 477 435 363 287 190 - - 350

Fully CDC [37], CVPR2017 - - - 400 294 233 131 79 -

R-C3D [46], ICCV2017 . 545 515 448 356 289 - . 43.1

SSN [55], ICCV2017 . 660 594 S19 410 298 - ; 49.6

TAL-Net [7], CVPR2018 . 598 571 532 485 428 338 208 523

GTAN [27], CVPR2019 - 69.1 637 578 472 388 - - 553

weakt STAR [47], AAAIZ019 BD | 688 600 487 347 230 - : 7.0

3C-Net [30], ICCV2019 BD | 591 535 442 341 266 - 8.1 435

UntrimmedNet [44], CVPR2017 - 444 377 282 211 137 - - 29.0

Hide-and-Seek [40], ICCV2017 - 364 278 195 127 68 - ; 20.6

Zhong et al. [56], MM2018 . 458 390 311 225 159 - . 30.9

AutoLoc [38], ECCV2018 UNT - - 358 290 212 134 58 -

Clean-Net [26], ICCV2019 UNT - - 370 309 239 139 7.1 -

STPN [31], CVPR2018 BD | 520 447 355 258 169 990 43 350

WTALC [35], ECCV2018 BD | 552 496 401 311 228 - 76 39.8

CMCS [25], CVPR2019 BD | 574 508 412 321 231 150 7.0 40.9

ASSG [54], MM2019 BD | 556 495 411 315 209 137 59 39.7

TSM [50], ICCV2019 3D . o395 319 245 138 7.1 .

WSAL-BM [32], [CCV2019 BD | 604 560 466 375 268 196 9.0 455

DGAM [36], CVPR2020 IBD | 600 542 468 382 288 198 114 45.6

weak TCAM [10], CVPR2020 3D . - 469 389 301 198 104 -

Bas-Net [21], AAAI2020 BD | 582 523 446 360 270 186 104 43.6

RPN [13], AAAI2020 BD | 623 570 482 372 279 167 8.1 46.5

A2CL-PT [29], ECCV2020 BD | 612 561 481 390 301 192 106 46.9

EM-MIL [28], ECCV2020 BD | 591 527 455 368 305 227 164 44.9

TSCN [53], ECCV2020 BD | 634 576 478 377 287 194 102 47.0

STPN [31] (Ours) D | 596 544 456 348 218 117 41 32

STPN [31] with UGCT BD | 670 617 550 441 324 196 89 522

WSAL-BM [32] (Ours) BD | 658 594 S1.1 405 303 191 87 49.4

WSAL-BM [32] with UGCT BD | 692 629 555 465 359 238 114 54.0

TSCN [53] (Ours) BD | 656 600 510 395 290 173 7.9 49.0

TSCN [53] with UGCT BD | 675 621 553 452 333 207 95 527

optimizer, the learning rate is set to be 10~%, and the number
of iterations is set to be 6/ for THUMOS14 and 30K for
ActivityNet. It is worth noting that the performance of our
re-implementation is much better than the original papers
except for TSCN on ActivityNet dataset 2, and the results
are listed in Table 1, Table 2 and Table3.

4.3. Comparison with State-of-the-art Methods

Results on THUMOS14 dataset. In Table 1, we com-
pare our method with state-of-the-art weakly supervised
methods and several fully supervised methods on THU-
MOS14 dataset. By combining three important tricks used
in previous methods (random dropout [25], all segments in
one video are used during training [32], context informa-
tion aggregation [ 1 0]), our re-implemented WSAL-BM [32]
and TSCN [53] have already achieved a comparable per-
formance with state-of-the-art weakly supervised methods.
When further applying the proposed UGCT on these two
methods, the performances of both methods are significant-
ly improved (4.6% and 3.7% on average mAP). Without
bells and whistles, WSAL-BM [32] with UGCT sets a new
state-of-the-art performance, surpassing the previous best

2The performance of the original paper is achieved by off-line pseudo
label supervision, which is not included in our re-implementation.

method by 7% on average mAP. And on STPN, we have the
most impressive result. Although our re-implemented result
already outperforms the original paper with a large margin,
e.g., 43.2% vs 35.0% on average mAP, it is still far behind
state-of-the-art performance. However, with the proposed
training strategy, the average mAP is boosted to 52.2% with
9.0% performance gain, which surpasses the previous best
performance (TSCN [53] 47.0%) by 5.2%. When compared
with fully supervised methods, although the performance
gap in high IoU thresholds is still large, we have a compet-
itive performance in low IoU thresholds.

Results on ActivityNet dataset. Different from THU-
MOS 14, following the standard protocol in ActivityNet [5],
we report the mAP score at IoU=0.5,0.75,0.95 and the
average mAP for 1oU=0.5:0.05:0.95. Results on Activ-
ityNetl.2 and ActivityNetl.3 datasets are shown in Ta-
ble 2 and Table 3. On ActivityNetl.2 dataset, the pro-
posed UGCT strategy can improve STPN [31] by 2.6%,
WSAL-BM [32] by 2.1% and TSCN [53] by 7.4% in terms
of average mAP. And without bells and whistles, STPN
with UGCT outperforms the previous best methods by 1.2%
and 1.3% in average mAP on ActivityNetl.2 and Activi-
tyNetl.3 respectively. It is worth noting that among these
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Table 2. Detection performance comparison with state-of-the-art
methods on the ActivityNetl.2 validation set, where (Ours) repre-
sents our re-implementation.

mAP@IoU
Methods 0.5 075 095 Average
UntrimmedNet [44] 7.4 3.9 1.2 3.6
WTALC [35] 370 146 - 18.0
AutoLoc [38] 273 175 68 160
Zhong et al. [56] 273 147 29 156
CMCS [25] 368 220 56 224
TSM [50] 283 170 3.5 ;
Clean-Net [26] 371 203 50 216
DGAM [36] 410 235 53 244
TCAM [10] 400 250 46 246
Bas-Net [21] 385 242 56 243
RPN [13] 376 239 54 233
TSCN [53] 376 237 57 236
EM-MIL [28] 374 231 20 203
STPN (Ours) 396 225 43 232
STPN with UGCT | 41.8 253 59 258
WSAL-BM (Ours) | 385 215 44 226
WSAL-BM with UGCT | 40.9 243 54 247
TSCN (Ours) 300 159 34 169
TSCN with UGCT | 40.0 23.6 56 243

three methods, STPN has the worst performance on THU-
MOS14 dataset but the best performance on ActivityNet
dataset. This result is not beyond expectation since THU-
MOS14 and ActivityNet datasets have different character-
istics. Each video in THUMOS 14 dataset contains multiple
action clips with short duration and small interval among
adjacent action clips, and it is of vital importance to recog-
nize the background among clips. While each video in Ac-
tivityNet dataset usually contains only one action clip with
a long duration, and it is important to detect the long action
clip as a whole. Due to different designs in the attention
loss, we find that STPN tends to recognize background as
foreground, so adjacent actions clips in THUMOS14 tend
to be recognized as one action clip. While both TSCN and
WSAL-BM tend to recognize foreground as background, a
long action clip in ActivityNet dataset is usually cut into
several small clips. As a result, STPN is more suitable for
ActivityNet dataset.

4.4. Ablation Studies

To look deeper into the proposed training strategy, we
perform a series of ablation studies on the THUMOS14
dataset, and detailed results and analysis are as follows.

4.4.1 Effectiveness of Each Design.

As shown in Table 4, the performances of all three method-
s are significantly improved with the help of collaborative
training. The mAP@IoU=0.5 is promoted from 21.8 to 32.4
for a weaker baseline STPN [3 1], with 10.6% performance
gain. And for a stronger baseline (WSAL-BM [32]), the
mAP@IoU=0.5 is also promoted from 30.3 to 34.4. These
results verify the effectiveness of the collaborative training,
this is because the collaborative training can help the model

Table 3. Detection performance comparison with state-of-the-art
methods on the ActivityNetl.3 validation set, where (Ours) repre-
sents our re-implementation.

mAP@IoU
Methods 05 075 095 Average
STPN 1] 293 169 26 163
CMCS [25] 340 209 57 212
ASSG [54] 323 200 40 188
WSAL-BM [32] 364 192 29 195
STAR [47] 3.1 188 47 182
TSM [50] 303 190 45 -
Bas-Net [ 1] 345 225 49 222
TSCN [53] 353 2014 53 217
A2CL-PT [29] 368 220 52 225
STPN (Ours) 380 215 57 227
STPN with UGCT | 39.1 224 58 238
WSAL-BM (Ours) | 369 207 42  20.6
WSAL-BM with UGCT | 39.0 214 51 230
TSCN (Ours) 291 142 33 154
TSCN with UGCT | 381 212 54 228

Table 4. Ablation studies about the proposed UGCT on the THU-
MOS14 test set. Results indicate each design is necessary.

Collat.)orative unce?nainty MAP@IoU=0.5
Training Guidance

X X 21.8

STPN 4 X 31.4
v v 324

X X 30.3

WSAL-BM 4 X 34.4
v v 35.9

X X 29.0

TSCN v X 322
v v 33.3

to suppress false positives and false negatives by referring
to the information in another modality. To move a step fur-
ther, when taking the label noise into consideration, we get
our Uncertainty Guided Collaborative Training strategy. As
shown in Table 4, the performance of three methods can be
consistently improved, which indicates the effectiveness of
our uncertainty aware learning module.

4.4.2 Ablations on Pseudo Label Generation

Teacher models are necessary. To verify the effective-
ness of our teacher models in pseudo label generation, we
use the RGB and FLOW models to replace the correspond-
ing teacher models, and the results are shown in Table 5.
Without teacher models for pseudo label generation, al-
1 three methods suffer from significant performance drop.
The results indicate that the teacher model is more reliable
for pseudo label generation, and we owe this property to
the specific updating strategy of teacher models. When the
training process is converged, the teacher model and student
models have a similar performance, but the teacher model
can make more reliable prediction when the training process
is not converged.

Different ways for pseudo label generation. In this sec-
tion, we compare three different ways to pseudo label
generation (Self-supervision, Mean-supervision and Cross-
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Table 5. Performance comparison on the THUMOS 14 test set with
and w/o teacher models for pseudo label generation.

Methods Teacher Model | mAP@IoU=0.5
STPN x 206
WSAL-BM '; ‘;’Tg
s || W

Table 6. Different ways for pseudo label generation.

Self Mean Cross
A= | GART) | G((ART + AFT)/2) | G(AFT)
AF = | G(AFT) | GUART + AFT)/2) | G(ART)

Table 7. Performance comparison on the THUMOS 14 test set with
different ways for pseudo label generation.

Methods Pseudo generation | 0.3 0.5 0.7
X 456 218 4.1

Self 51.8 28.6 7.5

STPN Mean 525 295 7.9
Cross 545 314 8.4

X 51.1  30.3 8.7

Self 532 346 94
WSAL-BM Mean 537 330 10.6
Cross 547 344 9.9

X 510 290 79

Self 532 30.8 8.5

TSCN Mean 532 316 8.9
Cross 542 322 9.3

supervision), and the details are shown in Table 6. In
the Self-supervision, the RGB and FLOW streams pro-
vide pseudo labels for themselves and are trained inde-
pendently, and the Cross-supervision represents the way
we adopt in this paper. From the results in Table 7, all
three ways can improve the performance, which indicates
that the pseudo label supervision is of great importance.
Note that when the RGB/FLOW streams are trained inde-
pendently, the Self-supervision gets the worst performance.
When the RGB/FLOW streams work collaboratively for
pseudo label generation, the Mean-supervision and Cross-
supervision can achieve much better performance.

Hard pseudo labels vs soft pseudo labels. In our method,
we use binarization function G to generate {0, 1}-value hard
pseudo labels. It is also feasible to directly use soft labels,
as shown in Table 8, and the results indicate that hard pseu-
do labels work better than soft pseudo labels. Note that for
STPN and WSAL-BM, hard pseudo labels can yield more
significant performance gain, and this is due to that the hard
pseudo labels can force the attention weight to act like a
binary selection. While in TSCN, the attention loss is al-
ready designed for this purpose, thus the advantage of hard
pseudo labels is less significant on this method.

4.4.3 Ablations on Uncertainty Estimation

In the proposed training strategy, we add an uncertainty
prediction module to mitigate the noise in the pseudo la-
bels, and we denote this method as Uncertainty-P. And the

Table 8. Performance comparison between hard and soft pseudo
labels on the THUMOS 14 test set.

Methods Pseudo label 0.3 0.5 0.7
SN | o | Ss at4 84
Tl R
o | o a1 W

Table 9. Results on the THUMOS14 test set with different ways
for uncertainty estimation.

Methods - mAP@ IQU:O.S -
Uncertainty-P | Uncertainty-C | Uncertainty-A

STPN 324 32.1 31.6

WSAL-BM 35.9 35.8 34.3

TSCN 333 315 325

analytical solution introduced in Section 3.3 is denoted as
Uncertainty-A. Besides, we also design a consistency based
method for label uncertainty estimation, which is denoted
as Uncertainty-C. To be specific, we feed the input to the
teacher network twice with different random noise and get
two pseudo labels for each segment, segments with incon-
sistent two pseudo labels may encounter high uncertainty,
thus they are ignored during training. Note that the con-
sistency based method need to feed-forward input twice, it
brings more computation cost. Results are shown in Ta-
ble 9, which indicates that the prediction based method can
achieve better performance with less computation cost.

5. Conclusion

In this paper, we propose a simple yet effectively Un-
certainty Guided Collaboratively Training strategy for at-
tention based weakly supervised temporal action detection
methods. An online pseudo label generation module is de-
signed to provide reliable pseudo labels for attention weight
learning, and an uncertainty aware learning module is fur-
ther designed to deal with the label noise. We conduct
experiments on two benchmark datasets with three atten-
tion based methods, and experimental results indicate that
the proposed method can significantly improve the perfor-
mance of these methods.
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