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1. INTRODUCTION

Why weakly-supervised learning?

• Acquiring temporal annotations is expensive, time-
consuming, and not scale efficiently.

• Labelled temporal annotations are not accurate due to the con-
fusing of some verbs and the ambiguous of action boundaries.

• It is much easier to provide a few labels which encapsulate the
content of a video. Videos available on the Internet are often
accompanied by tags which provide semantic discrimination.

Weakly-supervised Temporal Action Localization:

• To train a model with solely video-level class labels, and to
predict both the class and the temporal boundary of each ac-
tion instance at the test time.

Challenge – Dominant Issue:

• Training with only video-level class labels is easily responsive
to small and sparse discriminative regions from the action of
interest.

• However, the localization task needs to localize dense, interior
and integral action regions.

Our Contributions:

• We propose a novel marginalized average attentional net-
work (MAAN) to alleviate the dominant issue in the weakly-
supervised setting.

2. FEATURE AGGREGATORS

• Average Pooling/Max Pooling/Attentional Pooling

• RNN: Use a RNN to encode a set of features

• Non-local Neural Network: Aggregate the features that are
not at the local neighborhood

• Graph Neural Network: Aggregate the features of the neigh-
boring graph nodes

6. COMPUTATION GRAPH OF MAA

3. MARGINALIZED AVERAGE AGGREGATION (MAA)
Weighted Sum Aggregation

x =

T∑
t=1

λtxt,

where {x1,x2, · · ·xT } denote the set of snippet-level features to
be aggregated, {λ1, λ2, · · ·λT } denote the attentional weights.

Marginalized Average Aggregation

x = E

[∑T
i=1 zixi∑T
i=1 zi

]
,

where zt ∼ Bernoulli(pt), i.e., zt ∈ {0, 1}with probability
P (zt = 1) = pt.
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4. PROPERTIES OF MAA
Property 1: Partial Order Preservation

Proposition 1 Let zi ∼ Bernoulli(pi) for i ∈ {1, ..., T}. Then for T ≥
2, Eq. (1) holds true, and pi ≥ pj ⇔ ci ≥ cj ⇔ λi ≥ λj .

E

[∑T
i=1 zixi∑T
i=1 zi

]
=
∑T

i=1
cipixi =

∑T

i=1
λixi, (1)

where ci = E
[
1/(1 +

∑T
k=1,k 6=i zk)

]
and λi = cipi for i ∈ {1, ..., T}.

Property 2: Dominant Response Suppression

Proposition 2 Let zi ∼ Bernoulli(pi) for i ∈ {1, ..., T}. Denote ci =

E
[
1/(1 +

∑T
k=1,k 6=i zk)

]
and λi = cipi for i ∈ {1, ..., T}. Denote I ={

i
∣∣∣ci ≥ 1/(

∑T
t=1 pt)

}
as an index set. Then I 6= ∅ and for ∀i ∈ I,

∀j ∈ {1, ..., T} inequality (2) holds true.∣∣∣∣∣ pi∑T
t=1 pt

− pj∑T
t=1 pt

∣∣∣∣∣ ≤
∣∣∣∣∣ λi∑T

t=1 λt
− λj∑T

t=1 λt

∣∣∣∣∣ (2)

5. FAST COMPUTATION OF MAA
Enumerating all 2T possible configurations for E

[∑T
i=1 zixi∑T
i=1 zi

]
is ex-

pensive. We introduce a fast algorithm to reduce the complexity
from O(2T ) to O(T 2).

First, denote Yt =
t∑
i=1

zixi and Zt =
t∑
i=1

zi for simplicity, then

E

[∑T
i=1 zixi∑T
i=1 zi

]
= E

[
Yt

Zt

]
=

T∑
i=0

mT
i ,

mt
i = P (Zt = i)E

[
Yt

Zt

∣∣∣∣Zt = i

]
.

Denote qti = P (Zt = i), then mt+1
i and qt+1

i can be obtained recur-
rently as:

mt+1
i = pt+1

(
i− 1

i
mt
i−1 +

1

i
qti−1xt+1

)
+ (1− pt+1)mt

i,

qt+1
i = pt+1q

t
i−1 + (1− pt+1) qti ,

where qt−1 = 0, qtt+1 = 0, q00 = 1, mt
0 = 0, and mt

t+1 = 0.

7. MARGINALIZED AVERAGE ATTENTIONAL NETWORK (MAAN)
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Training Objective Function:

L(W) = −
N∑
j=1

C∑
c=1

(
ycj log σcj + (1− ycj) log(1− σcj)

)
where ycj ∈ {0, 1} is the ground-truth video-level label for class c happen-
ing in video j and W = [w1, ...,wC ]. The prediction probability for class
c ∈ {1, 2, · · ·C} is parameterized as σcj = σ(w>c xj), where xj is the aggre-
gated feature for video j ∈ {1, ..., N}.

Inference:

• STPN (Nguyen et al. 2018)
Let sc = w>c x be the video-level action prediction
score. The sc can be rewritten as:

sc = w>c x =
∑T

t=1
λtw

>
c xt.

The prediction score of snippet t for action class c is:

sct = λtσ(w>c xt).

• MAAN(ours)
In MAAN, the sc can be rewritten as:

sc = w>c x = w>c E[
∑T

i=1
zixi/

∑T

i=1
zi] =

∑T

t=1
ctptw

>
c xt.

We compute the prediction score as:

sct = ptσ(w>c xt).

8. EXPERIMENTAL RESULTS

Experiment 1: Comparison of MAAN with four feature
aggregators on the THUMOS14 test set. All values are reported in
percentage. The last column is the classification mAP.

Methods AP@IoU Cls mAP0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

STPN 57.4 48.7 40.3 29.5 19.8 11.4 5.8 1.7 0.2 94.2
Dropout 53.4 44.9 35.4 25.0 16.2 8.7 4.3 1.3 0.1 92.4
Norm 48.0 39.9 30.5 20.9 12.3 5.7 2.4 0.6 0.1 95.2
SoftMaxNorm 22.2 17.2 12.8 9.6 6.3 4.3 2.8 1.0 0.1 94.8
MAAN 59.8 50.8 41.1 30.6 20.3 12.0 6.9 2.6 0.2 94.1

STPN: x̄ =
∑T
t=1 λtxt.

Dropout: x̄ =
∑T
t=1 rtλtxt, rt ∼ Bernoulli(0.5).

Norm: x̄ =
∑T
t=1 λtxt∑T
t=1 λt

.

SoftMaxNorm: x̄ =
∑T
t=1 e

λtxt∑T
t=1 e

λt
.

MAAN: x̄ = E
[∑T

i=1 zixi∑T
i=1 zi

]
.

Visualization of the one-dimensional activation map on an
example of the HammerThrow action in the test set of THUMOS14.

Experiment 2: Comparison to the previous approaches on
THUMOS14 test set. AP (%) is reported for different IoU
thresholds. (“UN”: using UntrimmedNet features, “I3D”: using
I3D features, “ours”: our implementation.)

Supervision Methods AP@IoU
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Fully
Supervised

Richard et al. 2016 39.7 35.7 30.0 23.2 15.2 - - - -
Shou et al. 2016 47.7 43.5 36.3 28.7 19.0 10.3 5.3 - -
Yeung et al. 2016 48.9 44.0 36.0 26.4 17.1 - - - -
Yuan et al. 2016 51.4 42.6 33.6 26.1 18.8 - - - -
Shou et al. 2017 - - 40.1 29.4 23.3 13.1 7.9 - -
Yuan et al. 2017 51.0 45.2 36.5 27.8 17.8 - - - -
Xu et al. 2017 54.5 51.5 44.8 35.6 28.9 - - - -
Zhao et al. 2017 66.0 59.4 51.9 41.0 29.8 - - - -

Weakly
Supervised

Wang et al. 2017 44.4 37.7 28.2 21.1 13.7 - - - -
Singh & Lee 2017 36.4 27.8 19.5 12.7 6.8 - - - -
STPN Nguyen et al. 2018 (UN) 45.3 38.8 31.1 23.5 16.2 9.8 5.1 2.0 0.3
STPN Nguyen et al. 2018 (I3D) 52.0 44.7 35.5 25.8 16.9 9.9 4.3 1.2 0.1
STPN Nguyen et al. 2018 (ours) 57.4 48.7 40.3 29.5 19.8 11.4 5.8 1.7 0.2
AutoLoc Shou et al. 2018 - - 35.8 29.0 21.2 13.4 5.8 - -
MAAN (ours) 59.8 50.8 41.1 30.6 20.3 12.0 6.9 2.6 0.2

Experiment 3: Comparison to the state-of-the-art approaches on
ActivityNet1.3 validation set. AP (%) is reported for different IoU
threshold. (“ours”: our implementation.)

Supervision Methods AP @ IoU
0.5 0.75 0.95

Fully-supervised

Singh & Cuzzolin 2016 34.5 - -
Wang & Tao 2016 45.1 4.1 0.0
Shou et al. 2017 45.3 26.0 0.2
Xiong et al. 2017 39.1 23.5 5.5

Weakly-supervised
STPN Nguyen et al. 2018 29.3 16.9 2.6
STPN Nguyen et al. 2018 (ours) 29.8 17.7 4.1
MAAN (ours) 33.7 21.9 5.5


