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Abstract

Weakly-Supervised Dense Video Captioning (WSDVC) aims
to localize and describe all events of interest in a video
without requiring annotations of event boundaries. This set-
ting poses a great challenge in accurately locating the tem-
poral location of event, as the relevant supervision is un-
available. Existing methods rely on explicit alignment con-
straints between event locations and captions, which in-
volve complex event proposal procedures during both train-
ing and inference. To tackle this problem, we propose a
novel implicit location-caption alignment paradigm by com-
plementary masking, which simplifies the complex event pro-
posal and localization process while maintaining effective-
ness. Specifically, our model comprises two components: a
dual-mode video captioning module and a mask generation
module. The dual-mode video captioning module captures
global event information and generates descriptive captions,
while the mask generation module generates differentiable
positive and negative masks for localizing the events. These
masks enable the implicit alignment of event locations and
captions by ensuring that captions generated from positively
and negatively masked videos are complementary, thereby
forming a complete video description. In this way, even un-
der weak supervision, the event location and event caption
can be aligned implicitly. Extensive experiments on the pub-
lic datasets demonstrate that our method outperforms existing
weakly-supervised methods and achieves competitive results
compared to fully-supervised methods.

Code — https://github.com/ShipingGe/ILCACM

Introduction

Dense Video Captioning (DVC) is a challenging task that
aims to generate a series of temporally localized captions
to describe the various events in a video (Krishna et al.
2017). It extends traditional video captioning by providing
a more comprehensive understanding of the video content,
making it particularly useful for applications such as video
understanding, video summarization, and video search (Li
et al. 2018; Wang et al. 2021; Yang et al. 2023). Recently,
the Weakly-Supervised Dense Video Captioning (WSDVC)
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Figure 1: Comparison of our complementary masking
paradigm with previous paradigms for event localization.

task, which only relies on video-level captions and does not
require extensive temporal location annotations for training,
has been proposed and appears to be more feasible for prac-
tical applications (Duan et al. 2018). However, the lack of
supervision on event localization poses a great challenge in
accurately locating the events in the video.

To address this problem, existing methods attempt to align
event locations and captions using alignment constraints
like reconstruction loss or cross-modal matching loss (Duan
et al. 2018; Chen and Jiang 2021; Wu et al. 2021; Choi,
Chen, and Yoon 2023). These approaches primarily fall into
two categories: Iterative Segment Reconstruction (Figure
1(a)) and Distillation and Matching (Figure 1(b)). The first
type involves a reconstruction cycle where event localiza-
tion and captioning are interdependent, aiming to minimize
reconstruction error (Duan et al. 2018; Chen and Jiang 2021;
Choi, Chen, and Yoon 2023). The second type employs ex-
ternal proposal detectors to guide localization and uses met-



ric learning for cross-modal matching, maximizing semantic
similarity between locations and captions (Wu et al. 2021).
Despite their promising results, they still suffer from the
cumbersome event proposal procedures during both train-
ing and inference. During the training phase, these methods
rely on complex techniques for event localization, such as
the use of pre-defined proposals (Duan et al. 2018; Chen and
Jiang 2021; Choi, Chen, and Yoon 2023) or the external pre-
trained temporal event localization models (Wu et al. 2021).
During the inference phase, many of them often require a
large number of random proposals to be sampled (Duan et al.
2018; Choi, Chen, and Yoon 2023), which can be computa-
tionally expensive.

Unlike previous methods, in this paper, we propose a
novel implicit location-caption alignment paradigm based
on complementary masking, which simplifies the complex
event proposal and localization process while maintaining
effectiveness. Specifically, our approach involves an dual-
mode video captioning module for event captioning and an
extra mask generation module for event localization. We
configure our video captioning module to operate in two
captioning modes: full video captioning mode and masked
video captioning mode. The first mode can provide global
event information (e.g., event count) for the event localiza-
tion in the second mode, eliminating the need for cumber-
some event proposal procedures. Besides, as shown in Fig-
ure 1(c), with the mask generation module, we can first pre-
dict the temporal location of each event merely based on
video and then construct the corresponding location mask.
After applying a positive mask and its corresponding neg-
ative mask (i.e., inverse mask) to the video and perform-
ing masked video captioning, we constrain that the captions
generated from these two types of masked videos should
be complementary (i.e., the two parts of captions consti-
tute the complete video caption). In this way, even under
weak supervision, the event location and event caption can
be aligned implicitly.

In summary, this paper makes the following contributions:

* We propose a novel implicit location-caption alignment
paradigm based on complementary masking, which ad-
dresses the problem of unavailable supervision on event
localization in the WSDVC task.

* We introduce a dual-mode dense video captioning model,
which can simplify the process of event localization.

» Extensive experiments conducted on the public datasets
demonstrate the effectiveness of our method and each of
its components.

Related Work

Dense Video Captioning Dense Video Captioning is a
challenging multi-task problem that involves event localiza-
tion (Buch etal. 2017; Lin et al. 2018; Zeng et al. 2019; Zhao
et al. 2024) and event captioning (Gao et al. 2017; Seo et al.
2022; Nie et al. 2022). A lot of existing methods follow the
‘detect-then-describe’ paradigm, which first localizes a set
of event proposals and then generates captions for the event
proposals (Krishna et al. 2017; Wang et al. 2018; Mun et al.
2019; Iashin and Rahtu 2020). Krishna et al. (2017) first in-
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troduce the dense video captioning problem and propose an
event proposal module followed by a captioning module.
Mun et al. (2019) propose to model temporal dependency
across events explicitly and leverages visual and linguistic
context from prior events for coherent storytelling. Iashin
and Rahtu (2020) utilize audio and speech modalities and
Transformer architecture to convert multi-modal input data
into textual descriptions. Another line of work removes the
explicit event proposing process and jointly performs event
localization and captioning for each event (Wang et al. 2021;
Zhu et al. 2022; Yang et al. 2023). Wang et al. (2021) for-
mulate the dense caption generation as a set prediction task
and feed the enhanced representations of event queries into
the localization head and caption head in parallel. Zhu et al.
(2022) propose to solve the dense video captioning task as
a single sequence-to-sequence modeling task using a mul-
timodal Transformer. Yang et al. (2023) introduce a single-
stage dense event captioning model pretrained on narrated
videos and generate event timestamps as special tokens.

Weakly-Supervised Dense Video Captioning Recently,
there has been an increased focus on the Weakly-Supervised
Dense Video Captioning (WSDVC) setting, which is con-
sidered more challenging and practical than the conven-
tional DVC setting (Duan et al. 2018; Wu et al. 2021; Chen
and Jiang 2021; Choi, Chen, and Yoon 2023). Duan et al.
(2018) first introduce the WSDVC problem and decompose
it into the sentence localization and event captioning prob-
lems. Specifically, this paper present a cycle system based on
the fixed-point iteration (Chidume 1987) to train the model.
Several methods follow this cycle training system and en-
hance the performance by improving the sentence localiza-
tion and event captioning modules. Chen and Jiang (2021)
propose to use a concept learner as the basis of the sentence
localizer, which can be utilized to construct an induced set of
concept features to enhance video features and improve the
event captioner. Choi, Chen, and Yoon (2023) further im-
prove the performance by pretraining the event captioning
model on an extra video description dataset MSR-VTT (Xu
et al. 2016). Different from the above methods, Wu et al.
(2021) adopt the knowledge distilled from relevant tasks
to generate high-quality event proposals and build seman-
tic matching between the proposals and sentences. However,
these methods still suffer from the cumbersome event pro-
posal procedures during both training and inference.

Proposed Method
Task Definition

In Dense Video Captioning (DVC), a video is represented as
v= {vi}f\i’l, where v; denotes the i-th frame, and N, is the
total number of frames. The objective is to generate captions
{S;} N+, for temporally localized events within the video.
Each captioning event .S; encompasses a tuple (t,t¢, C;),
detailing the start time, end time, and the associated caption.

Unlike the DVC task, the Weakly-Supervised Dense
Video Captioning (WSDVC) requires the model to gener-
ate these temporally localized captioning events without re-
lying on explicit annotations for the start and end times of
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Figure 2: Illustration of our proposed framework, which consists of two main components: a Dense Video Captioning model
for event captioning and a Complementary Mask Generation module for event localization.

each event, i.e., t7 and t{ for each .S; are unavailable dur-
ing training. The model should leverage information from
the video frames and the provided captions during training
to infer the appropriate temporal location and generate ac-
curate, contextually relevant captions during inference.

Overview

Our proposed method integrates two main components: a
Dense Video Captioning (DVC) module for event caption-
ing and a Complementary Mask Generation (CMG) mod-
ule for event localization. The DVC module operates in
two modes: full captioning mode captures global narra-
tives, while masked captioning mode enhances localization
through differentiable masks. The CMG module predicts
temporal locations by utilizing positive and negative masks
during the masked captioning mode. Positive masking fo-
cuses on specific event captions, and negative masking han-
dles the remaining context, ensuring alignment under weak
supervision. Together, these components enable our model
to align captions with video locations effectively.

Full Video Captions Generation

Our proposed DVC module leverages a spatial-temporal
video encoder and a pretrained language model to gener-
ate multiple content-continuous captions for a given video.
As shown in Figure 2(a), the process can be divided into
two steps: (1) spatial-temporal video encoding, which cap-
tures both spatial and temporal information from the video
frames, and (2) prompt-based caption decoding, which fine-
tunes the language model using video embeddings to gener-
ate contextually relevant captions.

Spatial-Temporal Video Encoding To fully capture vi-
sual information, we design a spatial-temporal encoder with
a frame-level spatial encoder £ and a video-level temporal
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encoder E?. Given a video v € RNv>3xXHXW 'where H and

W represent the height and width of each video frame,the
spatial encoder E“ extracts visual embeddings from each
frame, resulting in frame-level embeddings v € RNv*4:
vt = (B (vi)}il, (1
where d is the dimension of the embeddings. We formal-
ize E* using the pretrained CLIP ViT-L/14 model (Radford
et al. 2021) and keep the parameters of £ frozen during
training and testing. Next, the temporal encoder E° pro-

cesses these embeddings v to capture temporal informa-
tion, generating contextualized video embeddings v°:

v’ = EP(v® 4 6,) € RV=*? 2)

where 0, € RM*? are position embeddings and E° is a
randomly initialized Transformer encoder. The output v’ en-
codes frame characteristics and their temporal relationships,
essential for generating accurate captions.

Prompt-Based Caption Decoding Inspired by advance-
ments in multimodal language models (Li et al. 2023; Zhu
et al. 2023; Liu et al. 2024), we adapt a pretrained GPT-
2 (Radford et al. 2019) to serve as a prompt-based caption
decoder. This model processes video embeddings to gener-
ate sequential captions for all events in a video. Given cap-
tions {C;} Y5, we concatenate a prompt P “[FULL] Ng
events :” with all captions into a paragraph, tokenized and
embedded into a sequence 7:

r={ry,...,rn,} = tokenizer({ P, C1,...,Cns}), (3)

where [FULL] signals the model to generate all captions,
“Ng events:” specifies the number of captions, and N,
is the number of all tokens. We use contextualized video em-
beddings v as prefix visual tokens, concatenated with cap-
tion token embeddings:

Z ={vr, ... 4)

7TNT}-



The objective is to minimize the negative log-likelihood of
generating caption tokens given video embeddings and pre-
vious tokens:

N,

L, r) = _Ni Zlogp(ri | rei;08.6), (5
T i=2

where 0 ¢ are parameters of the video encoder and cap-

tion decoder. By combining the video encoding and cap-

tion decoding steps, our full-video captioning model ef-

fectively generates multiple content-continuous captions for

any given video, capturing the various events and their tem-

poral relationships within the video.

Captioning-Guided Event Localization

We introduce a Captioning-Guided Event Localization
method to ground the generated captions to the correspond-
ing video segments. As shown in Figure 2(b)&(c), this
method consists of two main steps: (1) Mask Prediction for
Events, predicting the center and width of each caption to
create a differentiable Gaussian mask representing its tem-
poral location, and (2) Complementary Masked Captioning,
applying these masks to video embeddings for training on
positive and negative masked captioning tasks.

Mask Prediction for Event As shown in Figure 3, the
mask prediction component consists of the event caption
prediction and the differentiable mask construction pro-
cesses. The goal is to generate a differentiable mask for each
caption to represent its temporal location within the video
and encourage diversity among the masks.

Event Location Prediction. We first use a randomly initial-
ized learnable embedding as a event embedding e; € R¢ for
each caption proposal C;. Then, for all event embeddings
e € R¥s*d and the frame embeddings v® € RNv*? we
use a Transformer decoder to generate the embeddings h:

h = TransformerDecoder(e, v* + 6,,) € RVs*d ()

Next, we utilize two linear layers to predict the center y; and
width o; of the proposal ¢:

w; = Sigmoid(FCy (h;)), o; = Sigmoid(FCa(h;)). (7)
Differentiable Mask Construction. Inspired by previous
works (Zheng et al. 2022a,b; Kim et al. 2024), we use f;
and o; to generate a Gaussian mask M; € R™ for each
event, representing its temporal location:

M;(t) = exp ( (t/N)> Vte{1,...,Ny,}, (8)
2(ai/T)?
where M;(t) is the mask value at frame v, and 7 is a hyper-
parameter that controls the steepness of the Gaussian curve.
Note that other functions generating soft masks can be used
as alternatives to the Gaussian mask.
Diversity Loss. To ensure masks cover different video parts,

we introduce a diversity loss based on cosine similarity,
serving as a regularization term:

Ng Ng
Lav = 5o N m— > > max(s(i,j) —7,0) 9)
o =1 j=1,j7#i
where s(i,7) = HyTH \ﬁ@ﬁ and +y is the hyperparameter

that controls overlap between masks.
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and Differentiable Mask Construction.

Complementary Masked Captioning Since the supervi-
sion for event localization is unavailable, we propose to
guide event localization by complementary masked caption-
ing, which mainly consists of two subtasks: positive masked
captioning and negative masked captioning.
Positive Masked Captioning. In this task, we apply the
Gaussian mask M; to the video frame embeddings v’ in the
temporal dimension and input them into the video-level tem-
poral encoder E":
o = E*(M; - v?). (10)
We then concatenate a prompt sentence P “IMASK] 1
event :” with caption C; and tokenize it into a sequence
’f'il R
7 = {f1,...,7n.} = tokenizer({ P, C;}), (11)
where [MASK] is a special prompt token that indicates the
model to generate part of the captions.
Finally, the optimization objective for Positive Masked
Captioning is defined as:

Ny
. 1 Ns n A
L(D ,r):f— Zlogp Pri |08, oty ey i1
n=1 i=2
Ye.c1)s
(12)

where NNV is the total number of the tokens and 75, ; denotes
the i-th token of the tokenized caption C,, and 0 ¢ 1 de-
notes the parameters of the video encoder, the caption de-
coder and the event localization model, respectively.

Negative Masked Captioning. This task further explores the

alignment between captions and video frames by predicting
the remaining captions {C); }jv °) j»i using the inverse mask
on video embeddings. Specifically, we compute the negatlve
Gaussian mask M/; and inverse masked video embedding oY
as: 3

M; =1- M;,

oY = E°(M; - v®). (13)



Model

Features SODA METEOR CIDEr ROUGE-L BLEU-1 BLEU-2 BLEU-3 BLEU-4

DCE C3D — 5.69 12.43 _ 1081 457 1.90 0.71
Fully- DVC C3D — 6.93 12.61 — 1222 572 2.27 0.73
Supervised PDVC C3D 526 750  25.87 — - - - 1.65
Vid2Seq CLIP  5.80 850  30.10 - - - - -
WSDEC C3D _ 6.30 1877  12.55 1241 550 2.62 1.27
ECG C3D — 7.06 14.25 — 1185  5.64 2.71 1.33
EC-SL C3D - 749 2121 13.02 1336 596 2.78 1.33
Weakly- PWS-DVC*  C3D - 728 2059 1271 _ - - 1.35
Supervised "¢ C3D 520 7.36 28.00  13.22 13.66 6.8 3.29 1.77
Ours C3D 529 771 30.17 1391 1437  7.05 3.58 1.96
Ours' CLIP  6.06 822 3021 14.52 1483 779 3.98 2.03
Ours CLIP  6.08 848 3342 1477 1536  8.12 4.17 2.26

Table 1: Comparison with existing methods on the ActivityNet Caption dataset. The symbol 1 indicates the GPT-2 model used
in our method is randomly initialized. The symbol * indicates the results without training with extra video captioning datasets,
ensuring a fair comparison with other methods. References for the compared methods are: (Krishna et al. 2017; Li et al. 2018;
Wang et al. 2021; Yang et al. 2023; Duan et al. 2018; Wu et al. 2021; Chen and Jiang 2021; Choi, Chen, and Yoon 2023)

Next, we concatenate a prompt sentence P [MASK] Ng—

R . 1 Ns . .
1 events:” with captions {Cj};=, ;4 and tokenize it
into a sequence of tokens 7;:

¥ = {F1,...,"n, } = tokenizer({P, {C]—}é\’:sl’#i}).

(14)

Finally, the optimization objective for Negative Masked
Captioning is defined as:

1 Ys ¥
Ly

P
n=1 =2

L(",F) Z 10g p(Fn.i |8y, Fn 1y -+ it
Oe.c1)-
15)
By combining Positive and Negative Masked Captioning
tasks, the Complementary Masked Captioning component
enables the model to learn a better alignment between event
captions and locations.

Model Training and Inference

Model Training Our model training consists of two
stages: captioning and localizing. In the captioning stage, we
train the DVC module by minimizing £(v®, ) to generate
multiple captions. Next, in the localizing stage, we generate
Gaussian masks based on the ground-truth captions in the
training set and then compute the positive and negative cap-
tioning losses. We add these losses together to form the op-
timization objective, which is used to train the whole model:

L= L3 7)+ LD F) + Laiv- (16)

Model Inference The inference process consists of three
stages: captioning, localizing, and refining. In the caption-
ing stage, we use the video encoder and caption decoder
to generate initial captions with the video embedding and
“[FULL]” prompt. Unlike training, the model determines
the number of captions based on video content. In the lo-
calizing stage, we predict timestamps and generate Gaus-
sian masks for the coarse captions. Finally, in the refining
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YouCook2 ViTT
Model SODA METEOR CIDEr SODA METEOR CIDEr
WSDECH  2.11 1.47 843 4.13 1.95 10.31
PWS-DVC* 3.14 2.48 9.81 6.11 236 12.53
Ours 3.60 4.77 13.38 8.54 421 17.28

Table 2: Comparison with existing methods on the
YouCook?2 and ViTT datasets.  means we reimplement and
rerun the baseline methods on the two new datasets.

stage, we perform positive captioning with masked video
embeddings and “[MASK] 1 events:” to re-generate
each caption, aiming to enhance caption quality.

Experiments
Experiment Setup

Datasets We evaluate our proposed method and baseline
methods on the ActivityNet Captions dataset. The dataset
connects videos to a series of temporally annotated sentence
descriptions. Besides, we also conduct experiments on ViTT
(Huang et al. 2020) and YouCook2 (Zhou, Xu, and Corso
2018), which are two DVC datasets and have never been
used for the evaluation of WSDVC methods.

Evaluation Metrics To make a fair comparison with pre-
vious methods, we use the evaluation tool provided by the
2018 ActivityNet Captions Challenge, which measures the
capability to localize and describe events. To clarify, we
calculate the METEOR (Banerjee and Lavie 2005), CIDEr
(Vedantam, Lawrence Zitnick, and Parikh 2015), ROUGE-
L (Lin 2004), and BLEU-N (Papineni et al. 2002) scores
for the generated captions by comparing them to the ref-
erence captions. Moreover, we also adopt the recently pro-
posed SODA metric (Fujita et al. 2020) to perform an overall
evaluation of our proposed method.



Setting SODA METEOR CIDEr ROUGE-L BLEU-1 BLEU-2 BLEU-3 BLEU-4
Full 6.08 8.48 33.42 14.77 15.36 8.12 4.17 2.26
— Temporal video encoder 5.88 8.33 32.64 14.40 14.98 7.88 4.05 2.18
— [FULL] or [MASK] prompt 5.96 8.43 33.04 14.53 15.08 7.95 4.08 2.16
— “N events” prompt 5.82 8.30 32.36 14.17 14.87 7.95 3.98 2.15
— Inference refinement 5.76 8.12 31.29 14.21 14.71 7.52 3.82 2.05
— Gaussian mask, + Hard binary mask 3.89 6.52 16.96 11.24 11.64 5.01 1.96 0.79
— Gaussian mask, + Sigmoid mask 5.98 7.95 27.79 14.03 14.68 7.41 3.58 1.85
— Gaussian mask, + Cauchy mask 6.02 8.32 32.22 14.50 15.15 7.98 4.07 2.21
— Positive masked captioning 4.08 7.10 20.22 12.43 12.48 5.71 2.31 1.14
— Negative masked captioning 5.92 8.13 30.29 14.37 15.00 7.71 3.88 1.91
— Diversity loss L4, 5.73 8.22 30.93 14.48 15.14 7.79 3.84 2.01

Table 3: Ablation study of our proposed method. The symbol ‘—’ means removing the component.

Setting Backbone Size (M) SODA CIDEr
PWS-DVC*! vanilla Transformer ~ 59 - 20.59
Vid2Seq T5-Base 264.48 5.80 30.10
Oursf(C3D) Distilled-GPT2  62.10 5.20 28.00
Ours' Distilled-GPT2  62.10 6.06 30.21
Ours Distilled-GPT2 62.10 6.08 33.42
Ours' GPT2-Base 104.62 574 26.92
Ours GPT2-Base 104.62 6.00 32.77

Table 4: Comparison of the size and performance of different
models. t indicates that the backbone is not pretrained.

Implementation Details We set the number of trans-
former blocks in the video-level temporal encoder and cross-
modal localizer to 6 and 1, respectively. The number of at-
tention heads, dimension of hidden states, and feed-forward
layers are set to 12, 768, and 2, 048 in all transformer blocks,
respectively. We utilize the Distilled-GPT2 model for the
construction of our caption decoder model. For the training
of the model, we adopt the AdamW (Loshchilov and Hutter
2017) optimizer with an initial learning rate of le-4 with a
warmup rate of 0.1. We train the model for 10 epochs for the
captioning stage and 10 epochs for the localizing stage on 8§
Tesla V100 GPUs with a batch size of 8.

Comparison with Existing Methods

Table 1 presents a comparison of our proposed method with
existing fully-supervised and weakly-supervised methods on
the ActivityNet Caption dataset. As shown in Table 1, our
method outperforms all existing weakly-supervised methods
across all evaluation metrics. Specifically, our model trained
with CLIP features achieves the highest METEOR, CIDEr,
ROUGE-L, BLEU-N, and SODA scores, demonstrating its
effectiveness in generating accurate and contextually rele-
vant captions. Besides, our model trained with C3D fea-
tures also shows strong performance, outperforming other
weakly-supervised methods in most metrics. Notably, even
the version of our method with a randomly initialized GPT-
2 model (denoted by {) achieves competitive results, indi-
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cating the robustness of our approach. Moreover, as shown
in Table 2, our method also outperform existing methods on
the YouCook?2 and ViTT datasets. In summary, our proposed
method demonstrates excellent performance in the weakly-
supervised dense video captioning task, outperforming ex-
isting weakly-supervised methods.

Ablation Study

In this section, we conduct an ablation study to investigate
the contribution of each component in our proposed method.
The results are shown in Table 3. More details are shown in
Supplementary Material.

Effect of the model design As shown in Table 3, our
full model achieves the best performance across all metrics,
demonstrating the effectiveness of our proposed method.
When we remove the temporal video encoder, the perfor-
mance in all metrics decreases slightly. We can see that us-
ing CLIP features leads to better performance compared to
using C3D features. This indicates that the choice of spa-
tial frame encoder has a significant impact on the model’s
performance, and using a more powerful encoder like CLIP
can further improve the quality of generated captions. Addi-
tionally, we observe a drop in performance when we remove
the [FULL] or [MASK] prompt, which suggests that these
prompts are important for guiding the model to generate ap-
propriate captions. Similarly, removing the “N events”
prompt leads to a decrease in performance, indicating its im-
portance in informing the model about the number of events
in the video. Moreover, removing the refining stage in the
model inference process could also leads to a noticeable
performance decline. Overall, the results indicates that each
component plays crucial roles in capturing video informa-
tion and improving the quality of generated captions.

Effect of the mask construction methods We also inves-
tigate the effect of different mask construction methods. The
Gaussian mask used in our full model achieves the best per-
formance. When we replace the Gaussian mask with a hard
binary mask (where inside the predicted scope is 1, other-
wise 0), the performance drops significantly, especially in
terms of SODA, METEOR, CIDEr, and BLEU scores. This
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Figure 4: Impact of 7 in the Gaussian mask construction (a-b) and impact of y in the diversity loss (c-d).

result can be attributed to the fact that the hard binary mask
is non-differentiable, which prevents the optimization of the
event proposal generation process. Replacing the Gaussian
mask with a Sigmoid mask (Duan et al. 2018) or a Cauchy
mask (based on Cauchy Probability density function) also
leads to a decrease in performance, although the decrease is
less severe than that with the hard binary mask.

Effect of the loss functions Finally, we examine the ef-
fect of the captioning loss functions. Removing the posi-
tive masked captioning task results in a significant decrease
in performance across all metrics. Removing the negative
masked captioning task also leads to a decrease in perfor-
mance across all metrics, although the decrease is less severe
than that caused by removing the positive captioning task.
Similarly, removing the diversity loss Lg;, leads to a de-
crease in performance. This indicates that the diversity loss
is important for encouraging the model to generate diverse
captions, which can cover different aspects of the video con-
tent. In summary, our ablation study demonstrates that all
components of our proposed method, including the caption-
ing loss functions, contribute to its strong performance in the
weakly-supervised dense video captioning task.

Model Analysis

Impact of the model size Table 4 presents the comparison
of the model size and performance of different models. Our
method with a distilled GPT-2 (Radford et al. 2019) back-
bone, even without pretraining, achieves a SODA score of
6.06 and a CIDEr score of 30.21, outperforming the PWS-
DVC method which uses a vanilla Transformer (Vaswani
et al. 2017) backbone and has a similar model size. When
equipped with the pretrained distilled GPT-2 backbone, our
method achieves even better performance, with a SODA
score of 6.08 and a CIDEr score of 33.42. This performance
is competitive with the Vid2Seq method, which is trained
under the fully-supervised settings and uses a larger T5-Base
(Raffel et al. 2020) backbone. We also explore the effect of
using a larger GPT-2 Base backbone in our method. The per-
formance improves slightly compared to using the distilled
GPT-2 backbone. However, the improvement is not propor-
tional to the increase in model size, which may be due to
overfitting caused by limited training data. In summary, our
proposed method demonstrates strong performance on the
WSDVC task, even with a relatively smaller model size.
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Figure 5: A Qualitative Example from Activity Caption.

Impact of the hyperparameters We examine the impact
of values of 7 on the performance of our method. The results
are shown in Figure 4(a-b). We observe that all the scores
increase as 7 increases from 0.8 to 2.0, and then start to de-
crease when 7 is larger than 2.0. Then, to investigate the im-
pact of the v value on our model’s performance, we conduct
experiments with different v values ranging from 0.4 to 0.9.
The results are shown in Figure 4(c-d). We observe that most
scores generally increase as +y increases from 0.4 to 0.8, and
then slightly decrease when v reaches 0.9. The results show
that both the value of 7 and y have the moderate impact on
the performance of our model.

Case study Figure 5 compares the predictions of our
model with the ground-truth annotations and WSDEC
method on an example from the ActivityNet Caption dataset.
As shown in the cases, our method accurately detects most
of the scenes and activities in the video. Moreover, our
method can roughly predict the number and the location of
the events. In summary, the case study demonstrates the ef-
fectiveness of our proposed method for the WSDVC task.

Conclusion

In this paper, we propose a novel WSDVC method that ef-
fectively addresses the problem of unavailable supervision
on event localization by implicitly aligning event location
with event captions via complementary masking, which sim-
plifies the complex event proposal and localization process
while maintaining effectiveness. Extensive experiments on
the public datasets validate the effectiveness of our method.
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