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ABSTRACT In recent times, there has been a notable increase in efforts to simultaneously comprehend
vision and language, driven by the availability of video-related datasets and advancements in language
models within the domain of natural language processing. Dense video captioning poses a significant
challenge in understanding untrimmed video and generating several event-based sentences to describe the
video. Numerous endeavors have been undertaken to enhance the efficacy of the dense video captioning task
by the utilization of various approaches, such as bottom-up, top-down, parallel pipeline, pretraining, etc. In
contrast, the weakly supervised dense video captioning method presents a highly promising strategy for
generating dense video captions solely based on captions, without relying on any knowledge of ground-truth
events, which distinguishes it fromwidely employed approaches. Nevertheless, this approach has a drawback
that inadequate captionsmight hurt both event localization and captioning. This paper introduces PWS-DVC,
a novel approach aimed at enhancing the performance of weakly supervised dense video captioning. PWS-
DVC’s event captioning module is initially trained on video-clip datasets, which are extensively accessible
video datasets by leveraging the absence of ground-truth data during training. Subsequently, it undergoes
fine-tuning specifically for dense video captioning. In order to demonstrate the efficacy of PWS-DVC, we
conduct comparative experiments with state-of-the-art methods using the ActivityNet Captions dataset. The
findings indicate that PWS-DVC exhibits improved performance in comparison to current approaches in
weakly supervised dense video captioning.

INDEX TERMS Weakly supervised, Pretraining, Dense video captioning.

I. INTRODUCTION

Recently, there has been a notable increase in efforts [1]–
[6] to understand the correlation between video and language
within the domain of computer vision. Attention towards
tasks like video captioning [7]–[11] and temporal action
localization, which aim to gain an in-depth comprehension
of videos, has significantly increased due to the availability
of extensive video-related datasets [12]–[16]. Dense video
captioning [17] is an advanced task that integrates video
captioning and temporal action localization. Its objective is
to identify multiple temporal bins that encompass significant
scenes within a video, followed by providing informative
descriptions for each bin in the form of a single sentence. This
task holds high potential for application in a variety of video
analytics tasks.

Dense video captioning presents significant challenges,

especially when encoding lengthy videos without trimming
them. While several effective approaches have been devel-
oped for video understanding, they mainly focus on short
videos lasting between 10 to 30 seconds, typically centered
around a single topic. However, dense video captioning is
specifically designed for videos that exceed a duration of
120 seconds. These longer videos contain a multitude of
activities and objects, requiring a comprehensive and detailed
representation for encoding. The outputs of dense video cap-
tioning, which include events and captions, are complex. In
untrimmed videos, multiple events can occur simultaneously
and temporally overlapwith each other. Therefore, it is crucial
to consider both the quality and coherence of the captions.

In addition to challenges from an input and output perspec-
tive, dense video captioning task has another non-trivial chal-
lenge of a nondeterministic nature, wherein individuals may
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Option 1

E1: A person throws a frisbee and the dog runs to get it.
E1

E2: The man lays down and put his feet up, and the dog jumps on the feet.

E2

E3: Then, the man throws the frisbee and the dog runs to get it.

E3

E4: After, the man holds up the frisbee and the dogs stands in two legs.

E4 E5

E5: After, the dog pass between the legs of the person.

Option 2

E1: The credits of the clip are shown.

E1

E2: A guy is tossing a freebie outsides in a field.

E2

E3: A dog is fetching the freebie.

E3

E4: The credits of the video are shown.

E4

FIGURE 1. Example of dense video captioning for a video extracted from
the ActivityNet Captions dataset. Note the different definitions of events
and captions for the same video.

ECCL CL

Video

Caption

Video-clip captions
MSR-VTT, MSVC, 
WebVid-10M, etc.

Pretraining

FIGURE 2. The approach of the proposed method. Our technique
primarily focuses on leveraging the absence of ground-truth data in
weakly supervised dense video captioning. This is achieved by pretraining
the event captioning module using video clip-level datasets. CL and EC
stand for caption localization and event captioning, respectively.

define events and captions for videos in varying ways. The
provided visual representation, depicted in Figure 1, serves as
an illustrative example of a sample extracted from the Activ-
ityNet Captions [17] dataset. The video exhibits two distinct
instances of ground-truth events along with corresponding
captions. The presence of non-determinism in the model
contributes to an elevated level of uncertainty [18], thereby
impeding the generation of descriptive output. Increasing the
number of training samples would effectively address the
existing uncertainty. However, it is important to note that
the availability of dense video captioning-specific datasets
such as ActivityNet Captions [17] and YouCook2 [15], which
encompass events and corresponding captions for videos,
is currently limited. There exists a conspicuous dearth of
temporal action region datasets in comparison to text corpora
that are pertinent to captioning. The process of creating sup-
plementary datasets entails substantial investments in terms
of both time and financial resources.

Numerous attempts [17], [19]–[34] have been made to
tackle the issue of dense video captioning, but it is impor-
tant to note that, to the best of our knowledge, all existing
approaches take a deterministic approach and mainly focus
on restricted datasets. For example, somemethods [17], [29]–
[31], [34] divide the problem of event detection into two
subtasks: event localization and event captioning. They use
box prediction and regression techniques to address event
localization. Some approaches [24], [32], [33] have improved

their performance by developing parallel pipelines that con-
sider the interdependence of the two subtasks. However,
these models are still trained deterministically using datasets
specifically designed for restricted dense video captioning.
Recently, pretraining methods [23] have been proposed that
use narrated video datasets based on Auto Speech Recog-
nition (ASR) technology. These methods aim to overcome
the constraints of dense video captioning datasets. However,
these datasets lack faithfully defined events and captions,
and their effectiveness is limited for videos with little or no
speech.
On the other hand, in addition to conventional ap-

proaches, some weakly supervised dense video captioning
approaches [35]–[37] have been proposed. For instance, Duan
et al. [35] introduced a weakly supervised dense video cap-
tioning method. Rahman et al. [36] proposed a multi-modal
approach to improve the performance of weakly supervised
dense video captioning. Chen et al. [37] recently introduced
a bridging network to enhance the connection between the
event captioning module and sentence localization. One ad-
vantage of these methods is that they do not require explicit
event supervision. However, since they directly localize cap-
tioning to the video, high-quality descriptive captions are
required. Inadequate captions result in a lack of localiza-
tion, leading to non-descriptive outcomes with limited occur-
rences. To enhance model performance, it is widely acknowl-
edged that language models benefit from extensive datasets
and large-scale models [38]. For the captioning module, a
substantial corpus of textual data is necessary. However, ex-
isting methods are limited by their reliance on the designated
dataset specifically designed for dense video captioning.
To briefly summarize the challenges faced by dense video

captioning as mentioned above, they are as follows (i) The
datasets available for training dense video captioning are
quite limited. To effectively handle the task, a substantial
dataset comprising extensive events and captions is neces-
sary. Creating a dataset manually annotated by humans from
untrimmed video requires substantial effort. (ii) The weakly
supervised learning method is appealing as it does not rely on
ground truth events, but it is limited by its dependence on the
performance of the captioningmodule. Therefore, meticulous
attention must be given to the design and training of the
captioning module.
We present several important observations to address these

challenges. Previous works have demonstrated that pretrain-
ing techniques result in significant improvements in the per-
formance of dense video captioning methods. These tech-
niques leverage imperfect transcribed text datasets to over-
come the limited availability of event-caption datasets. We
have access to a substantial amount of high-quality datasets
for video-clip captioning. However, their drawback is the
absence of event information, which renders them unsuit-
able for direct use in dense video captioning. Fortunately,
weakly supervised dense video captioning does not require
event supervision, enabling extensive utilization of video-clip
datasets.
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This work introduces PWS-DVC, amethod for dense video
captioning that utilizes weak supervision and can be trained
on video-clip-level description datasets. The PWS-DVC sys-
tem comprises two modules: event captioning and caption
localization. The event captioning module is pretrained using
readily-available datasets [4], [39]–[42]. We then fine-tune
the event captioning module in tandem with the caption lo-
calization module through an iterative process of fine-tuning,
utilizing weakly supervised learning in a downstream task.
Our approach enables a robust event captioning module that
is based on pretraining, resulting in the generation of detailed
and descriptive captions.

As shown in Figure 2, utilizing the pretraining approach in
our event captioningmodule enhances both the quality of cap-
tions and event localization. Our proposed weakly supervised
dense video captioning strategy differs from the conventional
approach by replacing the two modules of event localization
and event captioning with the modules of event captioning
and caption localization. In the conventional technique, the
improvement of the captioning module is not affected by
the localization process. However, in the weakly supervised
method, the effectiveness of the captioning module has a
direct impact on the localization outcome. Pretraining the
captioning module is advantageous for both conventional and
weakly supervised approaches, but it has a stronger synergy
with the weakly supervised method.

To demonstrate the effectiveness of PWS-DVC, we first
train the event captioning module on MSR-VTT [42], a com-
monly used dataset for generating captions for video clips.
By utilizing the event captioning module, PWS-DVC outper-
forms other video-clip captioning methods.We then fine-tune
PWS-DVC on the ActivityNet Captions [17] dataset, training
the event captioning and caption localization modules in an
alternating manner. This approach results in superior perfor-
mance in both captioning and localization tasks compared to
other weakly supervised learning methods.

The remaining sections of this paper are structured as fol-
lows. Section II provides an overview of the existing literature
on video-clip captioning and dense video captioning, high-
lighting the distinctions between our proposed model, PWS-
DVC, and existing approaches. In Section III, we provide
a comprehensive explanation of the technique employed in
PWS-DVC. Section IV demonstrates the efficiency of PWS-
DVC through a series of comprehensive tests. Finally, we
conclude the paper in Section V.

The main contributions of PWS-DVC can be summarized
as follows:

• We introduce a novel pretraining method for weakly
dense video captioning, which is the first of its kind to
the best of our knowledge.

• Our approach directly utilizes multiple accessible video-
clip datasets for dense video captioning, demonstrating
its effectiveness.

• The PWS-DVC model outperforms existing weakly su-
pervised dense video captioning methods.

2017

2018

2019

2020

2021

2022

2023

DEC [17]

MT [28]

SDVC [30]

Efficient [27]

PDVC [33]

E2ESG [22]

Vid2Seq [23]

UEDVC [21]

SGR [32]

TGA-CG [29]

EC-SL [37]

MUTAN [36]

WS-DEC [32]

Supervised 
DVC

Weakly-Supervised 
DVC

PWS-DVC

FIGURE 3. History of dense video captioning. There are two main
categories of approaches in the field of dense video captioning:
supervised approaches and poorly supervised approaches.

II. RELATED WORK
A. VIDEO CLIP CAPTIONING
The objective of video clip captioning is to describe a video
using a single sentence. Recent approaches mainly follow
the encoder-decoder structure [8], [43]–[47]. The encoder
usually consists of a Convolutional Neural Network (CNN)
followed by a Recurrent Neural Network (RNN). On the other
hand, the decoder is an RNN that generates predictions for
individual tokens throughout each decoding step. However,
videos often contain informative content and multiple events
that cannot be captured in a short sentence. Therefore, recent
methods [48]–[50] have employed the approach of generating
a comprehensive and elaborate paragraph to provide a de-
tailed description of the video. In this approach, each sentence
within the paragraph describes a specific event or occurrence
depicted in the video.

B. DENSE VIDEO CAPTIONING
Dense video captioning involves describing untrimmed
videos through the use of events and captions. Numerous
efforts [17], [19]–[37] have been made to improve the ef-
ficacy of dense video captioning using various approaches.
Based on the training approach, existing dense video caption-
ing methods can be categorized into two groups: supervised
and weakly supervised dense video captioning, as shown
in Figure 3. Supervised dense video captioning approaches
require strict supervision, which includes the availability of
ground truth data for both events and captions. Specifically,
these methods rely on datasets that have undergone complex
human annotation processes for videos, such as ActivityNet
Captions. However, supervised methods have emerged as the
mainstream approach due to their comprehensive supervision.
In contrast, weakly supervised dense video captioning tech-
niques present a promising avenue as they do not require
precise knowledge of events. Similarly, weakly supervised
dense video captioning is a promising approach as it does not
require ground-truth information regarding events. However,
this approach has limitations due to the demand for high-
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quality language models and the complexity of the training
process.

Supervised approach. Supervised dense video captioning
can be categorized into three distinct classifications based
on the architecture employed, each represented by different
color boxes. The methods contained within the light green
box address the two distinct subtasks of event localization
and captioning as separate entities. The methods within the
light red box take into account the interdependence between
these two subtasks and simultaneously generate events and
captions. The techniques employed within the light blue box
utilize a pretraining approach on large-scale extra datasets.
The authors additionally take into consideration the event and
caption set as a sequential entity in an auto-regressive fashion.

Certain approaches [17], [27], [29]–[31] aim to address the
subtasks of localization and captioning as distinct subtasks.
The DEC [31] method is a pioneering approach in the field
of dense video captioning, as it employs Long Short-Term
Memory (LSTM) networks for both the tasks of localization
and caption generation. The TGA-CG [29] model utilizes
bidirectional Long Short-TermMemory (LSTM) networks in
order to effectively leverage both preceding and subsequent
contextual information. MT [28] employs a transformer ar-
chitecture and incorporatesmaskedmemory in order to gener-
ate captions. The proposed approach by SDVC [30] involves
the utilization of a network for event sequence creation that is
composed of two LSTM layers. This design choice is made in
order to effectively account for the temporal dependency that
exists between events. The proposed strategy by Efficient [27]
aims to dynamically choose frames that contain relevant in-
formation in order to minimize computing complexity. All of
the aforementioned methodologies yield substantial enhance-
ments in performance, although with limits stemming from
the neglect of the interplay between events and captions.

To explore the correlation between the two subtasks, sev-
eral approaches [32], [33] have been developed to execute
event localization and captioning concurrently. PDVC [33]’s
proposed approach involves using a deformable masked
transformer model to create contextual representations for
both events and captions. The model then performs separate
tasks of localization and captioning based on each context.
SGR [32]’s approach, on the other hand, is top-down. It first
generates a paragraph for the video content and then links
sentences to specific temporal segments. Ultimately, the last
step refines the quality and precision of each sentence.

Recently, there have been suggestions for pretraining tech-
niques to improve performance in event and caption genera-
tion, as the restricted availability of datasets with ground-truth
information hinders further advancements. The E2ESG [22]
model utilizes a pretrained T5 [51] model on the Wiki-
How [52] dataset, which consists of instructional articles, as
a captioning module. The UEDVC [21] model pretrains on
the ActivityNet Captions dataset to learn about the interplay
between video and language. Vid2Seq [23] employs narrated
video datasets [14] with transcribed text from an Automatic
Speech Recognition (ASR) system to capture the relationship

between video content and language. These pretraining ap-
proaches use an architectural framework that treats generat-
ing events and captions as a sequence generation task while
accounting for their inherent relationship.
Weakly supervised approach. In addition to supervised

dense video captioning, weakly supervised dense video cap-
tioning methods [35], [37] have emerged, which adopt event
captioning and caption localization modules instead of event
localization and captioning modules. These approaches use
event captioning and caption localization modules instead of
event localization and captioning modules. The two mod-
ules are then trained in an alternating manner, offering the
advantage of not requiring prior knowledge of occurrences.
WS-DEC [35] focuses on weakly supervised dense video
captioning, achieving comparable performance to supervised
learning approaches despite the absence of event-specific su-
pervision. The subsequent approach, EC-SL [15], introduces
an induced set attention block module to enhance the consid-
eration of the interplay between captioning and localization.

C. POSITION OF PWS-DVC
The proposed model, PWS-DVC, aims to improve dense
video captioning by enhancing the event captioning and lan-
guage modules. Although weakly supervised dense video
captioning has the promising feature of not requiring event
ground truth, it has the limitation that insufficient sentences
generated by the captioning module are difficult to accurately
localize. To address this, we generate a robust languagemodel
by pretraining the captioning module and fine-tuning it on
the ActivityNet Captions dataset. The approach of pretraining
the captioning module leads to more accurate localization
by ensuring that it produces clear sentences about the video.
Fortunately, the event captioning module can be trained on
annotations of video clips and sentences. Therefore, we take
advantage of this and pretrain it on MSR-VTT [42], a dataset
of video captioning at the video-clip level. We present the
training method of PWS-DVC and its position in terms of
architecture in Figure 3.

III. METHOD
A. OVERVIEW
Our proposed method, PWS-DVC, addresses the constraint
of existing dense video captioning methods, which rely on
specialized datasets for dense video captioning, such as Ac-
tivityNet Captions [17]. Instead, we leverage weakly super-
vised dense video captioning to its maximum capacity by
pretraining on readily accessible datasets for video clip-level
captioning. As depicted in Figure 4, PWS-DVC comprises
two distinct modules, namely the caption localization module
and the event captioning module. The module for captioning
localization is responsible for determining the specific tempo-
ral interval in a video where a particular caption is positioned.
On the other hand, the event captioning module is designed
to construct a phrase that describes a video clip based on the
provided video and event. To address the difficulty of dense
video captioning, we employ a two-step approach. Firstly,
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FIGURE 4. Network architecture of the proposed model, PWS-DVC. PWS-DVC consists of two modules: caption localization and event captioning. The
caption localization module takes a video and a caption as input and aims to localize which temporal region the caption corresponds to in the video. The
event captioning module aims to generate a sentence describing the event given a video and its event. Both modules enable dense video captioning by
alternatively training with video and ground-truth captions without supervision on events.

we pretrain the event captioning module using video clip-
level datasets. Subsequently, the two modules are trained in
an alternating manner.

B. CAPTION LOCALIZATION MODULE

The goal of the sentence localization module is to accurately
determine the temporal position of a sentence generated by
the event captioning module, which is based on a specific
segment of a video. To achieve this objective, the event
localization module analyzes the correlation between video
frames and captions. This task is accomplished by leveraging
the temporal correlation of representations within the videos.

We adopt transformer encoder [53] to encode both video
and caption, enabling exploration of the temporal association
between these two modalities through their respective rep-
resentations, which is proven highly effective in capturing
sequential data. The process involves sequentially encoding
video and caption using transformer encoders, resulting in
the generation of video context memory and caption con-
text memory, respectively. The input is then subjected to
an attention-pooling layer to rectify its temporal structure.
Finally, video and caption context memory integration is
achieved by employing an attention network, allowing for the
examination of video representations that align with the given
fixed caption temporally.

We formulate this process as follows. In the context of the
transformer model, the initial step involves the application of
positional encoding to both a sequence of video frames and a

sequence of words inside a sentence, as illustrated in Figure 4.

H0
v = PE(Linear (F)) (1)

The positional encoding function, denoted as PE(·), is applied
to the frame-level video feature F , which represents the input
video v or the embedding vector of the input caption. The
frame-level video feature is based on the C3D model pro-
posed by [54].
The video and caption encoding components are based on

the transformer encoder, which comprises amultiple ofN lay-
ers. The composition of each layer consists of self-attention
and feed-forward modules, with a residual connection and
layer normalization appended after each module. The output
H l+1 of the transformer encoder is obtained in a single cycle,
using the input H l . The final output of the last cycle, which
corresponds to the last layer, is denoted asH . The subsequent
pair of equations can be employed to delineate encoding
based on transformers.

H l
self = Ψ

(
H l +MA

(
H l ,H l ,H l)) (2)

H l+1 = Ψ
(
FFN

(
H l
self

)
+ H l

self

)
(3)

FFN(x) = max (0, xW 1 + b1)W 2 + b2 (4)

MA(Q,K ,V ) = Cat({ATTi(Q,K ,V )}hi=1)WO (5)

ATT(Q,K ,V ) = softmax(
(QWQ)(KWK )

T

√
dm

)(VW V ) (6)

where, Ψ(·) represents the layer normalization function.
Cat(·) denotes vector concatenation and W ∗ are trainable
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Algorithm 1 Training procedure of PWS-DVC.
Input: DMSR-VTT,DANetC // datasets used for training
Input: C,G // event captioning and caption localizationmod-

ules
Input:

{
E(a)
j

}Na

j=0
// anchors for training G

Input: E(0.5,1) // event that covers the entire video.
Output: θC , θG // trained parameters

Pretrain procedure
1: for (V , {Ci}Nvi=0) ∈ DMSR-VTT do
2: C = ChooseOne({Ci}Nvi=0)
3: C ′ = C(V ,E(0.5,1))
4: Lc = CrossEntropy(C ,C ′)
5: θC = θC − ηC

∂Lc
∂θC

6: end for
Fine-tuning procedure

7: for (V , {Ci}Nvi=0) ∈ DANetC do
8: C = ChooseOne({Ci}Nvi=0)
9: E ′, confidence = G(V ,C + δ)
10: C ′ = C(V ,E ′)
11: E ′′ = G(V ,C ′)
12: {Cj}Naj=0 = {G(V ,Ej)}Naj=0

13: {scorej}Naj=0 = {METEOR(C ,Cj)}Naj=0

14: best = argmaxj{scorej}
Na
j=0

15: Lc = CE (C ,C ′)
16: θC = θC − ηC

∂Lc
∂θC

17: Ll = MSE (E ′,E ′′) + CE (confidence, best)
18: θG = θG − ηG

∂Ll
∂θG

19: end for
20: return θC , θG

parameters. We repeat the above process as many times as the
number of encoder layers. The output of the video encoder is
the output of the last layer H v and H c, for the video and the
caption, respectively.

The attention-based feature fusing process is a mechanism
used to align and fuse video context memory and caption
context memory in order to determine the temporal region in
a video that corresponds to the caption. This process involves
several steps. To start, we have two sets of context memories:
the video context memory represented as H v and the caption
context memory represented as H c. These context memories
contain information about the video and caption, respectively.

The first step in attention-based feature fusing is to achieve
temporal dimension matching between these two sets of
memories. This means that we want to make sure that both
memories have the same dimensions and can be effectively
compared. To achieve this matching, an attention pooling
layer is employed. This layer computes attention weights for
each element in the memories, effectively giving importance
scores to each element.

The formula used to calculate the attention weights is given
as follows:

ai =
ew·hi∑K
j=1 e

w·hj
(7)

where, ai represents the attention weight assigned to each
element of memory H , denoted as hi. w represents the atten-
tion weights, which are learnable parameters in the model.
K represents the number of dimensions in the output vector.
This value is determined by the hidden dimension of the
transformer hyperparameter (K corresponds to the hidden
dimension). Once we have computed these attention weights,
we proceed to fuse the memories. The pooled memory, de-
noted asH pooled , is calculated by taking a weighted sum of the
elements in the memory, where the weights are determined by
the attention scores:

H pooled =

N∑
i=1

ai · hi (8)

where,H pooled represents the fused memory that combines in-
formation from both the video and caption context memories.
Each element of this pooled memory is a weighted combina-
tion of the corresponding elements in the original memories,
with the weights determined by the attention scores.
Now, with the pooled video context memory H v,pooled and

caption context memoryH c,pooled, we have effectively aligned
and fused the information from bothmodalities. The final step
in attention-based feature fusing is to compute the importance
of the video context memory to the caption context memory.
This importance score helps identify the temporal region in
the video that corresponds to the caption, allowing the model
to focus on relevant video features for localization.
The last step in caption localization involves localizing the

temporal region in the video that corresponds to the caption.
This is done using anchor classification and delta regression
techniques. The use of simple regression, as employed in the
existing methods, may aid in achieving this task. However,
it should be noted that this approach is prone to encountering
local minima. To address this issue, the localization process is
divided into two distinct steps: classification and refinement.
The classification step aims to select the most appropriate one
among several predefined anchors, and the refinement step
aims at regression to compensate for the selected anchor.
To do this, we adopt two fully connected layers, FCcls

and FCreg. We first identify the best anchor from a set of
predefined anchors S = {e1, e2, · · · , eNa−1}.

{oi}Nai=0 = {FCcls (ei)}Nri=0 (9)

where oi means the classification logit for the i-th anchor.
Then we formulate the index of best anchor i(best) as follows.

i(best) = argmax
i

{MeteorScore(oi)}Nai=0 (10)

where, the MeteorScore(·) function calculates the ME-
TEOR [72] score of the caption generated for the anchor. We
regress∆w and ∆m to refine the final best anchor.

∆w,∆m = FCreg(ei(best)) (11)

We formulate the anchor that is finally selected, the anchor
with the best score is e(best) = (wi(best) + ∆w,mi(best) + ∆m).
wi(best) and mi(best) are the width and center for the best anchor,
respectively.
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C. EVENT CAPTIONING MODULE
The objective of the event captioning module is to provide
a concise and informative sentence that describes an event,
based on a video and its corresponding temporal region. To
achieve this, we follow the established framework of the
vanilla transformer [53]. Specifically, we use a two-step pro-
cess: first, we take a whole video and an associated event as
inputs; second, we apply a mask to the temporal region of the
video feature that corresponds to the event, and feed it into
the transformer encoder. The last step involves allowing the
visual context memory output, derived from the transformer
encoder, to undergo cross-attention with the transformer’s
decoder. This process facilitates the generation of the relevant
caption.

We apply an event mask to the video and let H v be the fea-
ture of the video after applying positional encoding, and the
above process can be expressed as the following equations.

H l
self = Ψ

(
H l
v +MA

(
H l
v,H

l
v,H

l
v

))
(12)

We denote the output of the last encoder layer, which is the
video context memory, as H v, the decoding process of the
transformer be represented as follows.

H l
cross = Ψ

(
Hv +MA

(
H l
self ,H v,H v

))
(13)

H l+1
cross = Ψ

(
H l
cross + FFN

(
H l
cross

))
(14)

We repeat the aforementioned process, where H l+1
cross is set as

H c for the final layer. H c is the output of the transformer
decoder, which classifies a word from one of the vocabulary
as the last to pass through the linear transformation as shown
in Figure 4.

D. TRAINING PROCESS
As described in Algorithm 1, the PWS-DVC training pro-
cess involves two steps: pretraining and fine-tuning. During
pretraining, the focus is on the event captioning module.
Developing a solid language model can be a challenging task,
as it requires a substantial text corpus. Therefore, we use a
pretraining approach to generate descriptive sentences that
describe the corresponding videos. This approach helps to
achieve more accurate event localization. For pretraining, we
use widely available video clip-level datasets such as MSR-
VTT [42] and MSVD [41]. These datasets are ideal for pre-
training the event captioning module because they are already
trimmed to a short event level. To obtain video features, we
pass a video through a C3D [54] backbone, resulting in C3D
features in 16 non-overlapped frames of the video. We then
pass these video features through the event captioningmodule
to train with the following loss function.

Lc = −
Tc∑
t=1

ct · log (ĉt | c0 : ct−1) (15)

where, Ĉ = {ĉi}Tci=0 means the ground-truth caption, andC =

{ci}Tci=0 means the prediction output by the event captioning
module.

Subsequently, we proceed with the process of fine-tuning
using datasets such as the ActivityNet Captions dataset,
which is specifically designed for dense video captioning
tasks. The event captioning and caption localization modules
are trained in an alternating manner. Although our method for
weakly supervised dense video captioning has the potential
to improve over multiple rounds of training, we focus on a
single-round iteration, as depicted in Figure 4. The equation
denoted as Equation (15) is employed for the event captioning
module, and the following loss function is taken into account
for caption localization.

Ll =
[
(m′ − m′′)

2
+ (w′ − w′′)

2
]
+

[
−

Na∑
i=0

yi log pi

]
(16)

The first term is the L2 norm for regression on the center and
width of the event, and the second term is the cross-entropy
loss for anchor classification. Specifically, m′ and w′ refer to
the center and length of E ′, and m′′ and w′′ refer to the centre
and length of E ′′ in Figure 4. For classification, we define a
one-hot label y = {y1, · · · , yNa} for the predefined anchors.
If yi is 1, it indicates that the i-th anchor is the best, otherwise
it is 0. p = {p1, · · · , pNa} is the prediction of the caption
localization module.

E. INFERENCE
Since the PWS-DVC model lacks a direct training mecha-
nism for dense video captioning, we explain the inference
procedure. To conduct inference on a video V , we begin by
selecting a set of random event anchors denoted as {E(a)

i }Nri=0,
where Nr is set to 15. Specifically, Nr random numbers are
selected from the interval [0, 1] to represent the width and cen-
ter of the anchors. Next, we combine them to obtain anchors
consisting of pairs ofNr widths and centers. After performing
a single iteration for each event anchor, we obtain a set of
refined events denoted as {Si}Nri=0. We filter the events based
on their values with high temporal Intersection over Union
(tIoU), retaining only those that meet the validity criteria.
Finally, we input the filtered events into the event captioning
module to provide captions for each event.

IV. EXPERIMENT
A. EXPERIMENTAL SETUP
Datasets. The MSR-VTT dataset [42] is used to pretrain the
event captioning module. This comprehensive video bench-
mark dataset contains 10,000 web video clips, each accompa-
nied by 20 annotations written by humans. A total of 200,000
clip-sentence pairings were used as samples for pretraining.
Additionally, we employ temporal augmentation techniques
to increase the number of samples from 200K to 1M.

For dense video captioning, we use the ActivityNet Cap-
tions [17] dataset, which comprises 20K untrimmed videos
capturing various human activities. On average, videos have a
duration of 120 seconds and contain an average of 3.7 events.
While other datasets exist for dense video captioning, such as
YouCook2 [15] and ViTT [16], we focus exclusively on the
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Ground-truth

PWS-DVC

A team enters in a field and takes a 
team picture in a stadium.

The team wearing purple uniform win the 
competition and receives a trophies.

The team is celebrating.

Two teams play hurling in the stadium, and players 
from the two teams scores, and they celebrate.

A team is running on the green soccer field.

The team runs and plays lacrosse on a large green field.

In the second half, the teams continues 
playing and scoring.

The team continues playing.

After, a player from the winner 
teal and a coach speaks.

Two men are being interviewed in 
front of the camera.

Ground truth

PWS-DVC

A team enters in a field and takes a 
team picture in a stadium.

The team wearing purple uniform win the 
competition and receives a trophies.

Two teams play hurling in the stadium, and players 
from the two teams scores, and they celebrate.

In the second half, the teams continues 
playing and scoring.

After, a player from the winner 
teal and a coach speaks.

Ground-truth

PWS-DVC

A team enters in a field and takes a 
team picture in a stadium.

The team wearing purple uniform win the 
competition and receives a trophies.

The dog runs and jumps to catch the frisbee.

Two teams play hurling in the stadium, and players 
from the two teams scores, and they celebrate.

A dog runs on a green field.

A man throws a frisbee and the dog runs to get it.

In the second half, the teams continues 
playing and scoring.

The man throws the frisbee 
and the dog runs to get it.

After, a player from the winner 
teal and a coach speaks.

The credits 
scene appears.

Ground truth

PWS-DVC

A person throws a frisbee and the 
dog runs to get it.

The man lays down and put his feet 
up, and the dog jumps on the feet.

Then, the man throws the frisbee 
and the dog runs to get it.

After, the man holds up the frisbee 
and the dogs stands in two legs.

After, the dog pass between 
the legs of the person.

FIGURE 5. Examples of the output of PWS-DVC for two videos from the ActivityNet Captions validation set.

Method WS Extra dataset METEOR CIDEr ROUGE BLEU@1 BLEU@2 BLEU@3 BLEU@4 SODA_c
DCE [17] ✗ ✗ 4.82 17.29 - 17.95 7.69 3.86 2.20
DVC [31] ✗ ✗ 6.93 12.61 - 12.22 5.72 2.27 0.73
Bi-SST [29] ✗ ✗ 9.60 12.68 19.10 18.99 8.84 4.41 2.30
MT [28] ✗ ✗ 9.56 - - - - 4.76 2.23
SDVC [30] ✗ ✗ 8.82 30.68 - 17.93 7.99 2.94 0.93
PDVC [26] ✗ ✗ 7.50 47.26 2.64 - - - 1.65 5.26
E2ESG [21] ✗ ✗ 7.33 26.92 - - - - 1.45 5.29
Vid2Seq [23] ✗ ✗ 8.50 30.10 - - - - - 5.80
MUTAN [36] ✓ ✗ 4.93 13.79 10.39 10.00 4.20 1.85 0.90
WS-DEC [35] ✓ ✗ 6.30 18.77 12.55 12.41 5.50 2.62 1.27
EC-SL [37] ✓ ✗ 7.49 21.21 13.02 13.36 5.96 2.78 1.33
PWS-DVC ✓ ✓ 8.22 28.91 13.80 12.92 6.38 3.11 1.87 5.45

TABLE 1. Dense event captioning performances (%) of the proposed method and state-of-the-art methods on the ActivityNet Captions validation set.
‘‘WS’’ denotes ‘‘weakly supervised’’.

ActivityNet Captions dataset for the purpose of comparing
with current weakly dense video captioning algorithms.

Evaluation metrics. The publicly accessible evaluation
code supplied by the ActivityNet Captions Challenge is uti-
lized in our study1. The evaluation metrics employed in this
paper include recall and precision for event localization, as
well as METEOR [72], CIDEr [73], and BLEU [74] for
sentence evaluation. The computation of the captioning score
for a generated event and sentence pair is contingent upon the

1https://github.com/ranjaykrishna/densevid_eval

presence of an overlap greater than the specified threshold
with any ground-truth events. This score is determined by
comparing the related sentence from the ground-truth data.
Alternatively, if the conditions are not met, the score is as-
signed a value of zero.

We adopt SODA [75] as an additional evaluation metric.
Recently, SODA has been introduced for evaluating multi-
sentence captioning tasks, particularly in the context of dense
video captioning. The SODA metric considers the coherence
and narrative flow between sentences. It is derived from the
METEOR metric, but penalizes the use of redundant words,
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Method WS Pretrain tIoU=0.1 tIoU=0.3 tIoU=0.5
CTRL [55] ✗ ✗ - 47.43 29.01
ABLR [56] ✗ ✗ 73.30 55.67 36.79
2D-TAN [57] ✗ ✗ - 58.75 44.05
FIAN [58] ✓ ✗ - 64.10 47.90
WSLLN [59] ✓ ✗ 75.40 42.80 22.70
LCGB [60] ✓ ✗ 74.20 44.30 23.60
SCN [35] ✓ ✗ 71.48 47.23 29.22
WS-DEC [35] ✓ ✗ 62.71 41.98 23.34
EC-SL [37] ✓ ✗ 68.48 44.29 24.16
PWS-DVC ✓ ✓ 70.01 51.94 27.70

TABLE 2. Temporal event localization performances of PWS-DVC and
state-of-the-art methods on the ActivityNet Captions dataset. The top-1
recall is quantified by evaluating the overlap between the predicted
temporal event and the ground truth across various temporal IoU
thresholds. The abbreviation ‘‘WS’’ is used to represent the term ‘‘weakly
supervised’’.

Method BLEU@4 CIDEr METEOR
FSTA [61] 39.80 41.1 26.50
OA-BTG [62] 41.40 46.9 28.20
MGSA [63] 42.40 47.5 27.60
POS+CG [64] 42.00 48.7 28.20
POS+VCT [65] 42.30 49.1 29.70
SAM-SS [66] 43.80 53.2 28.90
ORG-TRL [67] 43.60 50.9 28.80
STraNet [67] 43.60 50.9 28.80
VNS-GRU [68] 45.30 53.0 29.90
ARB [69] + ACL [70] 42.60 51.3 28.90
MFVCG [71] 44.90 52.2 29.80
PWS-DVC 41.20 49.3 26.99

TABLE 3. Comparison to state-of-the-art methods on MSR-VTT for video
clip captioning.

phrases, and sentences. This feature enhances its ability to re-
sist over-evaluation, as it discourages inflated scores through
excessive repetition.

Implementation details.The event captioningmodule and
caption localization module of PWS-DVC are based on the
transformer architecture. We follow the hyper-parameters of
the original transformer [53], including a model dimension of
512, 8 encoders and decoders, and a feed-forward dimension
of 2048. We set the dropout rate to 0.1.

To train PWS-DVC, we use the AdamW [76] optimizer in
both the pretraining and fine-tuning stages. In the pretraining
stage, we gradually decrease the learning rate according to a
cosine function with a warm-up period that increases up to
5e-4. In the fine-tuning stage, we train for 30 epochs using a
batch size of 8 with a learning rate of 1e-4.

The examination of various hyperparameters’ influence
on the model is crucial in deep learning frameworks. Our
extensive exploration indicates that PWS-DVC is robust to
different hyperparameters, meaning that the improvement in
performance with better hyperparameter settings is minimal.
Instead of aiming for improved outcomes, we adhere to
widely adopted settings to ensure fairness when comparing
with baseline methods.

B. PERFORMANCE COMPARISON

We conduct extensive comparisons with existing state-of-
the-art methods to demonstrate the effectiveness of PWS-
DVC. Besides the dense video captioning benchmark dataset,
ActivityNet Captions, we also compare the performance with
video-clip captioning methods and compare the performance
of caption localization with temporal action localizationmod-
els.
Dense video captioning. Table 1 compares the dense

video captioning performance on the ActivityNet Captions
validation set. The results show that PWS-DVC achieves
the best performance on weakly supervised dense video
captioning methods for METEOR, CIDEr, ROUGE, and
BLEU, and comparable performance on fully supervised
methods. Specifically, PWS-DVC achieves state-of-the-art
performance on almost all metrics compared to theweakly su-
pervised approaches MUTAN, WS-DEC, and EC-SL. These
results suggest that PWS-DVC’s pretraining approach con-
tributes to both localization and captioning by improving
the performance of the event captioning module. Table 1
also compares PWS-DVC with several methods trained un-
der weakly supervised as well as fully supervised condi-
tions. PWS-DVC performs comparably to them despite being
trained without information about ground-truth events.
Caption localization. We then evaluate the performance

of caption localization on the validation set of ActivityNet
Captions. We compare the weakly supervised dense video
captioning methods WS-DEC and EC-SL with state-of-the-
art models for temporal action localization tasks, such as
CTRL and ABLR. Table 2 shows that the PWS-DVC ap-
proach achieves superior accuracy in caption localization
compared to existing weakly supervised dense video cap-
tioning methods WS-DEC and EL-SL. Despite the fact that
existing temporal action localization methods are trained on
ground-truth events, the caption localization performance of
PWS-DVC is comparable. These results demonstrate that
PWS-DVC’s approach is not only effective in improving
the event captioning module, but also in improving caption
localization.
Video clip captioning. The event captioning module of

PWS-DVC generates a single sentence from a video clip,
which is itself the purpose of video-clip captioning. We
demonstrate the effectiveness of our event captioning module
not only for dense video captioning, but also by comparing it
with existing video clip captioningmethods on theMSR-VTT
video clip dataset. Table 3 shows the performance comparison
of PWS-DVC’s event captioning module with state-of-the-art
video clip captioning methods. While video clip captioning
methods have various advantages such as multimodal, pre-
training, and object detection, PWS-DVC follows the archi-
tecture of a vanilla transformer in terms of model architecture
and modality. Nevertheless, the event captioning module of
PWS-DVC shows comparable performance to existing state-
of-the-art video clip captioning methods.
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# Method METEOR CIDEr ROUGE BLEU@4
1 PWS-DVC without pretraining 5.49 13.77 10.02 0.72
2 PWS-DVC pretrained on ActivityNet Captions 7.28 20.59 12.71 1.35
3 PWS-DVC pretrained on MSR-VTT 8.05 27.11 13.17 1.80
4 PWS-DVC pretrained on MSR-VTT with temporal augmentation 8.22 28.91 13.80 1.87

TABLE 4. The results of ablation study.

C. QUALITATIVE RESULTS

Figure 5 presents the qualitative outcomes of PWS-DVC.
We select two videos from the validation set of ActivityNet
Captions, and show their corresponding events and captions
together. Through the examination of these two instances, it is
demonstrated that PWS-DVC has the capability to effectively
generate events and captions even in the absence of ground-
truth events. Furthermore, PWS-DVC produces descriptive
sentences by utilizing the event captioning module that has
been pretrained on a video clip dataset. Additionally, it ac-
curately identifies the location of each sentence inside the
video scene. In the first video, PWS-DVC produces sentences
that incorporate certain keywords, such as ‘‘green field,’’
‘‘running,’’ and ‘‘lacrosse,’’ while also accurately identifying
the precise location within the video scene for each sentence.
This holds for the second video as well.

Note that the outcomes of PWS-DVC do not align with the
ground-truth events and captions. However, this is a reason-
able observation considering the inherent non-deterministic
character of the dense video captioning task, as depicted in
Figure 1.

D. ABLATION STUDY

To demonstrate the efficacy of pretraining the event cap-
tioning module, which serves as the core approach of PWS-
DVC, we conduct an intensive ablation experiment involving
different pretraining pretraining. We train four different vari-
ants of PWS-DVC, each with varying levels of pretraining:
(i) PWS-DVC without pretraining, (ii) PWS-DVC pretrained
using only the ActivityNet Captions dataset without any extra
dataset, (iii) PWS-DVC pretrained on MSR-VTT but with-
out temporal augmentation, and (iv) PWS-DVC pretrained
on MSR-VTT with temporal augmentation. We present the
performance of the four distinct PWS-DVC models on the
ActivityNet Captions validation set in Table 4. It is evident
that models that have undergone pretraining on ActivityNet
Captions or MSR-VTT exhibit superior performance com-
pared to model #1. This observation indicates that pretraining
is highly effective in the context of weakly supervised dense
video captioning approaches. Furthermore, it is evident that
the incorporation of extra datasets, such as MSR-VTT, with
the ActivityNet Captions dataset, yields enhanced perfor-
mance outcomes. This is attributed to the augmented diversity
of the training sample. By the same principle, the temporal
augmentation serves to enhance the diversity of the training
dataset, hence resulting inmodel #4 attaining the highest level
of performance.

V. CONCLUSION
The paper presents a novel pretraining approach to enhance
the performance of weakly supervised dense video caption-
ing. Weakly supervised dense video captioning is promising
as it does not rely on event supervision. However, inadequate
training in the captioning module negatively affects both
localization and captioning. To address this, we generate a ro-
bust language model by pretraining event captioning modules
on publicly available datasets, such as the MSR-VTT. Our
robust language model indirectly enhances the performance
of event captioning and caption localization. As a result,
our proposed weakly supervised dense video captioning ap-
proach, PWS-DVC, outperforms existing weakly supervised
dense video captioning methods. Our methodology can pro-
vide novel insights for other tasks that require solid ground
truth.
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