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ABSTRACT
Attention supervision encourages grounded video description
models (GVDMs) to focus on the related visual content when
generating words. Thus, it improves the description perfor-
mance of GVDMs. However, existing GVDMs often fail to
focus on small but informative regions because these regions
are considered as negative by using the intersection-over-
union (IoU) based attention groundtruth sampling method.
Moreover, the prevailing attention loss functions enforce
the GVDMs to focus equally on all sampled regions when
the GVDMs generate words, which may make it difficult
for the model to attend to informative regions and thus de-
grade the quality of the generated sentences. To alleviate
the above problems, we propose an informative attention
supervision method including a novel attention groundtruth
sampling method and a group-based weak grounding super-
vision. Specifically, our attention groundtruth sample method
captures small proposal regions that overlap with the en-
tity boxes. The proposed grounding supervision allows the
GVDMs to dynamically focus on some of the most informa-
tive attention regions instead of all of them. Our approach
yields competitive results on the ActivityNet Entities dataset
without bells and whistles, surpassing previous methods
without increasing inference costs.

Index Terms— Grounded Video Description, Attention
Supervision

1. INTRODUCTION

Visual description is an essential and representative cross-
media task that automatically generates sentences for de-
scribing videos or images. Recently, the visual description
task gains significant development based on the large-scale
visual description datasets [1, 2] and deep-learning based
techniques [3, 4]. However, some studies [5, 6] reveal that
prevalent visual description models [7, 2] (VDMs) suffer from
object hallucination [8] and gender bias [9] while obtaining
excellent performance on the large-scale visual description
datasets. According to [5, 6], object hallucination and gender
bias are generated by the VDMs not being well-grounded,
i.e., the most attended region generated by the VDMs is not
aligned with the corresponding region that the words/phrases
describe in the image/video.

Many studies [10, 5] have been published to improve
the performance of the VDMs by using grounding methods.
In [10], description sentences are generated by filling the
visual concepts obtained using an object detection network
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and Development Program of Jiangxi Province (No.20203BBE53033 and
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mission of Shenzhen (No.2021Szvup051) and the 16th student sci-
entific research project of Jiangxi University of Finance and Eco-
nomics(No.20210918115557066). The source code will provide in
https://github.com/wanboyang/IASGV ICASSP2022.

GVD: a woman in a blue shirt 
be talk to the camera
GT: A man in a white striped 
shirt is smiling

GVD: a man in a blue shirt be 
standing on the table
GT: The left person reaches 
down and grabs the ball

Fig. 1. Failure examples of description and attention results
achieved by the GVD [5]. The solid line box and the number
in solid line box represent the most attended proposal region
and the attention weight for generated noun in color and bold,
respectively. The dotted box is denoted a nouns in color and
bold from groundtruth sentence.

into templates with slot locations. Consequently, this model
is limited in the diversity of the generated sentences. On the
other hand, attention supervision, which forces the VDMs to
model the relationship between words and visual regions, can
alleviate object hallucination and gender bias of the VDMs.
Fundamentally, [5] proposes the ActivityNet Entities (AE)
dataset, which provides word-regions groundtruth, to model
the relationship between words and visual regions explicitly.
Therefore, the grounded video description (GVD) model pro-
posed in [5] gains improved video description performance
under end-to-end language and attention supervision in a
fully supervised manner.

However, the GVD often fails to focus on small but infor-
mative regions, predicting incorrect nouns or missing visual
objects, as shown in Fig. 1. Compared to ‘head’, which occu-
pies a relatively small region in the frames and dominates gen-
der judgment, GVD focuses more on the ‘body’ region. Such
undesirable behavior is mainly caused by two reasons. Firstly,
GVD tends to focus on object parts with large intersection-
over-union (IoU) with target regions. It may be caused by
small regions not being sampled as attended regions based
on their small IoU with target regions, even though they may
be informative regions. Secondly, the entropy-based attention
loss function used in [5] enforces GVD to attend all positive
regions simultaneously. As a result, GVD fails to concentrate
on the informative part of positive regions, which deteriorates
the captioning performance considerably.

To address the above issues, we build a new atten-
tion supervision method, including a proposal based at-
tention groundtruth sampling method and a group based
weak grounding supervision. The proposal based attention
groundtruth sampling method provides smaller regions of
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Fig. 2. The proposed framework. Red boxes and blue boxes indicate entity annotations and proposal regions, and yellow boxes
and green boxes denote IoU-based and IoP-based sampled proposal regions, respectively.

objects. Motivated by Multiple-Instance Learning (MIL)
techniques [11, 12], the group based weak grounding super-
vision implemented by an attention loss function treats the
attention groundtruth as the weak supervision. It forces the
model to dynamically attend partial but informative regions,
rather than all sampled regions. Thus, compared to GVD, our
method alleviates the issue of neglected informative regions
and guides video description models to generate more precise
nouns in descriptions.

In summary, our main contributions are listed as follows:
• The first attempt to explore a universal framework to

utilize the small but informative regions for grounded video
description task.
• A novel attention groundtruth sampling method and the

corresponding weak grounding supervision method.
•Achieving a new SOTA performance on grounded video

description task.

2. PROPOSED METHOD

In this section, we first define the notation and baseline. Then
we describe the proposed informative attention supervision
method. Specifically, we present our proposal based attention
groundtruth sampling method followed by a detailed descrip-
tion of the group based weak grounding supervision for the
baseline model.

2.1. Notation

The input video segment and the sentence are denoted as V
and S, respectively. We uniformly sample a frames from
each input video segment and the sampled frames are rep-
resented as F = {Fi}ai=1. Further, a set of regions, which
is obtained by using a pretrained object detection model, is
extracted from F , and the embedding of regions are denoted
as R = {ri}Ni=1 ∈ Rd×N , where d and N are feature dimen-
sion and number of regions. The words in sentences S are
denoted as {si}t, respectively, where t ∈ {1, 2, .., T}. The
T indicates the sentence length and the one-hot embedding
of the words are yt ∈ Re where e is the embedding size of
words.

2.2. Overall Framework

To validate the proposed informative attention supervision
methods, we introduce the video event description model
GVD from [5], which contains the grounder module, region
interaction module and attention based language generation
model as our baseline.

The framework of our method is presented in Fig. 2. First,
a video segment is uniformly extracted with a frames. Then
we get spatio-temporal coordinates and representations of the
proposal regions of each frame by using an object detection
network [13], which is pretrained by using Visual Genome
(VG) [14], as the region feature of this video segment. The
grounder module is used to determine the class of proposal
regions and can be formulated as follows:

Ms(R) = Softmax(W>
c R+B) (1)

where Ms is the region-class similarity matrix of proposal
regionsR,Wc andB are learnable weights and bias, respec-
tively. The Softmax operator ensures that the sum of class dis-
tribution is 1 for each proposal region. It should note that the
class label of proposal regions is the nearest neighbor of their
VG classes in the AE classes. The distance of the VG classes
and AE classes are obtained from the class word’s glove vec-
tor [15].

To utilize the spatio-temporal cue of proposal regions, the
spatial and temporal coordinates of each proposal region are
projected to the dl location embedding Ml. Eventually, the
region feature, the region-class similarity matrix and the lo-
cation embedding are concatenated and projected into region
encoding R̂ = [r̂1, r̂2, ..., r̂N ] and the region encoding can
be formulated as follows:

R̂ =Wg[R|Ms(R)|Ml] (2)

where [·|·] denotes a concatenation operator andWg is fully-
connected layer. Next, R̂ is fed into the region interaction
module to get the final region encoding R. The region in-
teraction module is a fully self-attention model that models
the relationship between proposal regions. The final region
encoding is provided to the attention based Language genera-
tion model to generate the caption of the input segment.
Attention based Language Generation Model. In this pa-
per, we adopt the LSTM based model, including Attention
LSTM and Language LSTM, proposed in [5] as an attention

1956

Authorized licensed use limited to: Jiangxi Univ of Finance & Economics. Downloaded on November 15,2022 at 07:46:29 UTC from IEEE Xplore.  Restrictions apply. 



based language generation model. As illustrated in Fig. 2, the
Attention LSTM is fed into the global video feature vg , pre-
vious hidden state of the Language LSTM hLt−1 and previous
word embedding yt−1 and output the hidden state hAt . The
Attention LSTM can be formulated as follows:

hAt = LSTMattn([vg|hLt−1|yt−1]) (3)

where [·|·] denotes a concatenation operator. To generate a
word st, the Language LSTM uses hAt to generate attention
weights λt for the final region encodingR,

λt = Softmax(Wλtanh(Whh
A
t +WrR)) (4)

p(st) = Softmax((WoLSTMlang(λtR,h
A
t )) (5)

whereWo,Wλ,Wh andWr are learned parameters, and the
p(st) is conditional probability distribution of st.

2.3. Informative Attention Supervision Method

Proposal based attention groundtruth sampling method.
Explicit attention supervision is a common way, which forces
models to focus on attended regions, to improve the per-
formance and interpretability of the models. Generally, the
attention regions are obtained according to the intersection-
over-union (IoU) of the entity boxes and the proposal re-
gions, as shown in Fig. 2. To capture the small but informa-
tive proposal region, we propose a proposal based attention
groundtruth sampling method by intersection-over-proposal
(IoP) between the proposal region boxes and the annotated
grounding entity boxes and can be represented as follows:

IoP(p, g) =

{ Iw·Ih
wg·hg

Iw > 0, Ih > 0

0 else
(6)



Il = max(xd, xg)

Ir = min(xp + wp, xg + wg)

It = max(yp, yg)

Ib = min(yp + hp, yg + hg)

Iw = Ir − Il
Ih = Ib − It
Is = (wd · hd + wg · hg)

(7)

where p = [yp, xp, yp + hp, xp + wp] and g = [yg, xg, yg +
hg, xg + wg] represent the proposal region boxes and the an-
notated grounding entity boxes, respectively. Note that (y, x),
h and w denote top-left point, height, and width of the in-
put boxes. In this paper, we get attended proposal regions
based on the IoU and the IoP, as shown in Fig. 2. Specifi-
cally, a proposal region can be selected as the attended pro-
posal region when it satisfies one of the following criteria:
1.) IoU(d, g) >= τ1, 2.) IoP(d, g) >= τ2. The attended
proposal regions seem as positive regions and the rest of the
proposal regions are taken as negative regions for attention
supervision.
Group based Weak Grounding Supervision. The cross-
entropy based attention loss function L̂attn proposed in [5]

Table 1. Comparison of ablation study on the ActivityNet
Entities validation set.
L̂attn Lattn Lcls IoU IoP B@1 B@4 M C
X - X X - 23.9 2.59 11.2 47.5
X - X X X 23.8 2.67 11.1 47.2
- X X X - 23.7 2.59 11.1 47.0
- X X X X 24.0 2.78 11.2 48.7

demands that the model focus on all the positive regions si-
multaneously. This may lead to ambiguity in the model’s at-
tention and a lack of focus on informative regions. To alle-
viate the above problems, we propose the group based weak
grounding supervision that is implemented by a MIL based
attention supervision function Lattn. Specifically, we select
the regions with top-k attention weights from the positive and
the negative regions to positive group Gp and negative group
Gn, respectively. The model is forced to focus on the Gp as
a whole and attention weights of Gp are dynamically aligned
based on learning. All attention weights in Gn are forced to
be 0 because negative regions do not need to be focused. For-
mally, Lattn on per-word can be represented as follows:

Lattn = − log(
∑
λi∈Gp

λi) +
1

|Gn|
∑
λi∈Gn

(log λi) (8)

2.4. Optimization

Following [5], we use the cross-entropy language loss Lsent
and the region classification loss Lcls in the proposed model.
Combining our attention loss function, the loss can be formu-
lated as follows:

L = Lsent + λαLattn + λβLcls (9)

For a fair comparison, we set λβ=0.1 like [5]. And we empir-
ically set λα = 0.1. More details are provided in Sec.3.2.

3. EXPERIMENTS

3.1. Experimental Setups

Dataset. We evaluate our proposed method on the Activi-
tyNet Entities dataset, the standard benchmark for grounded
video description. The ActivityNet Entities dataset contains
about 52k video segments and 158k annotated bounding
boxes. In terms of object classes of annotated bounding
boxes, we adapt the setting of [5], with 432 object classes.
Metrics. Following the original evaluation protocol from [5],
we use 5 standard language evaluation metrics, including
Bleu@1 [16], Bleu@4 [16], METEOR [17] and CIDEr [18].
Implementation Details. Following [5], we use two CNNs [19,
7] to extract appearance and motion features of each frame
for segments, respectively. The global video feature vg of
segments is obtained by using pooling operation on the ap-
pearance and motion features over frame dimension. We
optimize the training with Adam [20] for 40 epochs and
select the model with the best validation CIDEr score for
testing. The batch size, learning rate and k are set to 80, 2e-3
and 10, respectively.
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Fig. 3. Visualization of comparison between our method and
the baseline. The solid line box and the number in the solid
line box represent the most attended proposal region and the
attention weight for the generated nouns in color and bold,
respectively.

3.2. Ablation Studies

To verify the effectiveness of the proposed attention groundtruth
sampling method and grounding supervision. We conduct ab-
lation studies on the ActivityNet Entities validation set. Tab. 1
demonstrates the comparison of ablation experiments on the
AE validation set. The results illustrate the boost brought by
the proposedLattn and IoP based sampling method. Note that
the baseline GVD is denoted as L̂attn+Lcls+IoU. Comparing
to the baseline, our method denoted by Lattn+Lcls+IoU+IOP
gains an absolute gain of 1.20% in terms of CIDEr on the
AE validation set. The baseline with IoP and the baseline
with Lattn both do not gain improvement on grounded video
description. It indicates small regions are essential for video
description and the proposed grounding supervision is neces-
sary to force the model to attend the discriminative part of the
positive regions.

To investigate the impact of hyper-parameters. As show in
Tab. 2 and Tab. 3, our method achieves the best performance
when λα, τ1 and τ2 are set to 0.1, 0.5 and 0.9, respectively.
In the following experiments, we maintain the above hyper-
parameter setting if not otherwise specified.

3.3. Comparison with the State-of-the-arts

To demonstrate the effectiveness of our informative atten-
tion supervision method, we have conducted experiment by
using our informative attention supervision method on a
SOTA grounded video description models including GVD [5]
and KNN-HAST [22].Tab. 4 shows the comparison of our
method against existing approaches [7, 5, 21, 22, 23] on the
AE dataset, our method consistently gains the improvement
on several baseline models including GVD and KNN-HAST,
which proves the compatibility of our method for the ex-
isting grounded video description models. Specifically, our
method with KNN-HAST backbone provides a relative gain
of more than 1.82% in terms of CIDEr and 3.57% in terms
of Bleu@4 on the validation set of AE. Additionally, Our
method provides a relative gain of more than 2.06% in terms
of CIDEr compared to all previous works on the test set of

Table 2. Comparisons of different settings of λα on the Ac-
tivityNet Entities validation set.

λα λβ B@1 B@4 M C
0.05 0.1 24.0 2.83 11.2 48.4
0.1 0.1 24.0 2.78 11.2 48.7
0.2 0.1 23.2 2.46 10.9 46.3
0.3 0.1 23.9 2.72 11.1 48.1
0.4 0.1 23.5 2.43 11.0 46.8
0.5 0.1 23.6 2.42 10.9 45.9

Table 3. Comparisons of different settings of τ1 and τ2 on the
ActivityNet Entities validation set.

τ1 τ2 B@1 B@4 M C
0.5 - 23.7 2.59 11.1 47.0
- 0.7 23.7 2.59 11.1 47.7
- 0.8 23.7 2.64 11.1 47.7
- 0.9 23.7 2.44 11.0 47.0

0.5 0.7 23.8 2.54 11.1 47.5
0.5 0.8 23.8 2.64 11.1 48.5
0.5 0.9 24.0 2.78 11.2 48.7

Table 4. Comparisons of the state-of-the-art methods on the
ActivityNet Entities dataset.

B@1 B@4 M C
Validation set

GVD [5] 23.9 2.59 11.2 47.5
Cyclical [21] 23.7 2.45 11.1 46.6

GVD(w/o SelfAttn) [5] 23.2 2.28 10.9 45.6
KNN-HAST [22] - 2.80 11.3 49.4

Our Method(GVD) 24.0 2.78 11.2 48.7
Our Method(KNN-HAST) 24.4 2.90 11.3 50.3

Test set
Masked Transformer [7] 22.9 2.41 10.6 46.1

Bi-LSTM+TempoAttn [7] 22.8 2.17 10.2 42.2
Cyclical [21] 23.4 2.43 10.8 46.6

GVD(w/o SelfAttn) [5] 23.1 2.16 10.8 44.9
GVD [5] 23.6 2.35 11.0 45.5
RGL [23] 25.5 2.59 11.0 47.4

KNN-HAST [22] - 2.61 11.3 48.5
Our Method(GVD) 23.7 2.46 11.0 47.3

Our Method(KNN-HAST) 24.2 2.76 11.3 49.5

AE. We believe that the improvement shown on multiple
SOTA grounded video description models proves the effec-
tiveness of our method.

3.4. Qualitative Results

As shown in Fig. 3, compared to GVD, our method with GVD
devotes more attention to the head, which is crucial for gender
description and smaller than the body. So our method gener-
ates the correct word ‘man’ while GVD fails. Furthermore, as
illustrated in the right terms of Fig. 3, the generated sentences
our method is more precise because it contains more nouns
that are small objects in frames.

4. CONCLUSION

In this paper, we propose an informative attention supervision
method to improve the performance of GVD. The informa-
tive attention supervision method contains the proposal based
attention groundtruth sampling method for providing more
small regions that were previously neglected and the group
based grounding supervision that guides the video descrip-
tion model to focus on the informative part of the sampled
regions. Therefore, our method can boost the performance of
existing video description models and provides better inter-
pretability of the description sentences. Finally, experimental
results demonstrate that our approach achieves a competitive
description performance on the ActivityNet Entities dataset
and reveal the small but informative regions are crucial for
grounded video description.
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