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Abstract

Dense video captioning (DVC) aims to describe multiple
events within a video, and its performance is greatly affected
by the accuracy of video event detection. Video event detec-
tion involves predicting the proposal boundaries (start and
end times) and the classification score of each event in a
video. Recently, a few methods have applied diffusion mod-
els originally designed for image object detection to detect
events in DVC. These methods add noise to the ground-truth
event proposal boundaries, and subsequently learn the de-
noising process. However, these methods often overlook the
fundamental differences between videos and images. We ob-
serve that, whereas in images the important information for
object classification is normally around the boundaries of the
ground-truth boxes, in videos the key information for event
classification is typically centered in the middle of ground-
truth event proposals. As a result, the classification module in
these existing diffusion models becomes insensitive to bound-
ary changes introduced by the added noise, leading to sub-
optimal performance. This paper introduces Diff DVC, an in-
novative diffusion model for DVC. The core of Diff DVC is a
boundary-sensitive detector. The detector increases the sensi-
tivity of the classification module to boundary changes by fo-
cusing on frames within a specific range around the start and
end times of noisy event proposals. Additionally, this range is
dynamically adjusted to suit different event proposals. Com-
prehensive experiments on ActivityNet-1.3, ActivityNet Cap-
tions, and YouCook2 datasets show DiffDVC achieving supe-
rior performance.

Introduction

Dense video captioning (DVC) focuses on generating de-
scriptions for multiple events in a video, which has garnered
significant interest in recent years (Wang et al. 2021; Yang
et al. 2023; Zhang, Song, and Jin 2022). DVC is typically
divided into two sub-tasks: video event detection and video
event captioning. Video event detection involves predicting
the temporal boundaries (i.e., start and end times) contain-
ing events in a video and generating the corresponding fore-
ground classification confidence. Most existing methods for
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Figure 1: An illustration of the comparative study. The red
arrows indicate the direction in which object boxes and event
proposals are scaled down. The blue dotted lines represent
the ground-truth box or proposal (GT), while dotted lines in
other colors indicate the scaled-down boxes and proposals.

video event detection in DVC are based on discriminative
learning, which relies on regressing anchor proposals (Zhou
et al. 2018), predicting the starting and ending probabilities
of each frame (Zhang, Wu, and Li 2022; Shi et al. 2023),
or learning proposal embedding by learned queries (Wang
et al. 2021; Tan et al. 2021; Liu et al. 2022).

Recently, several methods have applied generative
learning-based models, such as diffusion models (Ho, Jain,
and Abbeel 2020) to video event detection (Nag et al. 2023).
These models were originally designed for image object de-
tection (Chen et al. 2023a). These methods add noise to the
ground-truth event proposal boundaries and subsequently
learn a denoising process to reconstruct them. Although the
above methods have shown promising results, they do not
fully address the differences between videos and images.
Specifically, in images, the crucial information for object
classification is generally concentrated in regions close to
the boundary of the ground-truth box. In contrast, for event
detection in videos, the crucial information for event classi-
fication is generally concentrated in a region located in the
middle of the event proposal.

To statistically demonstrate this observation, we conduct a
comparative study on image object detection and video event
detection shown in Figure 1. By gradually scaling down
ground-truth object boxes in the COCO validation dataset
(Lin et al. 2014) and ground-truth event proposals in the
THUMOS 14 validation dataset (Idrees et al. 2017), we pro-
gressively remove boundary information. We then assess the
significance of the removed parts by applying the pre-trained
detection models, Mask R-CNN (He et al. 2017) and TadTR
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Figure 2: The statistics of the comparative study. The hor-
izontal axis is the scaling ratio. For example, 0.05 means
trimming 5% from the boundary of ground-truth boxes or
proposals, and scaling their size to 95% of the original. The
vertical axis is the normalized classification score.

(Liu et al. 2022) to predict the classification scores for the
scaled-down boxes and proposals, respectively. The results
are shown in Figure 2, where the horizontal axis is the scal-
ing ratio, and the vertical axis is the normalized classifica-
tion score. For object classification, the score drops more
sharply during early size reductions. At a scaling ratio of
0.2, removing 20% of boundary information significantly
reduces the score. By a ratio of 0.4, the score drops 90%,
highlighting the importance of boundary regions for classi-
fication. For event classification, scores decrease noticeably
as the scaling ratio increases to 0.2 and continue to drop until
0.9, where the score drops 90%. This indicates that regions
located in the middle of proposals hold critical information,
with a sharper decline starting at larger scaling ratios.

As a result, the event classification module becomes in-
sensitive to boundary changes introduced by the added
noise. High sensitivity to noise is essential for diffusion
models since they learn the added noise to achieve good de-
noising performance (Ho, Jain, and Abbeel 2020). There-
fore, applying diffusion models designed for image object
detection to video event detection can lead to suboptimal
performance. This raises a natural question: Does the ac-
curacy of video event detection significantly impact the per-
formance of event captioning?

We approach this question by shifting the ground-truth
event proposals in ActivityNet Captions (Krishna et al.
2017) and produce captions for ground-truth proposals
and shifted proposals based on a pre-trained model PDVC
(Wang et al. 2021). The captioning results in Table 1 indi-
cate that even minor changes to proposal boundaries greatly
impact captioning performance.

Based on the previous discussion, we propose a boundary-
sensitive detector for event detection in video. The detector
focuses on the frames around the boundaries of noisy pro-
posals to enhance the sensitivity of the classification model
to changes at boundaries. Our design faces two key chal-
lenges: 1) Identifying the optimal range of frames around the
boundaries that require focus, and 2) Deciding how much at-
tention should be allocated to each frame within that range.
To address these challenges, the boundary-sensitive detector
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Metrics GT 5%L 5%R 10%L 10%R 15%L 15%R
BT 298 296 287 237 194 214 1.77
Ct 5238 51.80 51.52 40.52 36.85 36.48 33.93
ST 953 879 886 816 818 758 7.54

Table 1: Dense captioning on ground truths and shifted pro-
posals. Evaluation metrics include BELU@4 (B), CIDEr
(C), and SODA _c (S). L and R denote the left and right shifts
of ground truth, respectively. x% indicates a shift distance
equivalent to x% of the length of ground-truth proposals.

utilizes the proposal boundaries (start and end times) as ref-
erence points and dynamically adjusts the attention range
around them. Subsequently, the detector learns the atten-
tion weights of frames within the range and aggregates these
frames according to the weights to form proposal features.
Using these features, the boundary-sensitive detector pre-
dicts temporal boundaries of events and generates the cor-
responding foreground classification confidence.

Building on the boundary-sensitive detector, we design
an innovative diffusion model for DVC, called DiffDVC.
DiffDVC utilizes the diffusion model to predict accurate
event proposals, resulting in enhanced caption quality.

In summary, our key contributions are as follows:

* One key observation we make is that, whereas in im-
ages, important information for classification often re-
sides near the boundaries of the ground-truth boxes, in
video event classification tasks, this information typically
resides in the middle of the event proposals. This has not
been accounted for by previous approaches in adapting
the diffusion model from image object detection to video
event detection.

* We design a boundary-sensitive detector that focuses on a
set of frames around the boundaries of the noisy propos-
als. This approach enhances the diffusion model’s sensi-
tivity to boundary changes, making it more effective for
video event detection.

* We introduce an innovative diffusion model designed
for dense video captioning, called DiffDVC. DiffDVC
achieves superior performance compared to state-of-the-
art methods on the ActivityNet-1.3, ActivityNet Cap-
tions, and YouCook?2 datasets.

Related Work
Video Event Detection

Video event detection, also known as temporal action detec-
tion, identifies the start and end times of events in untrimmed
videos. Existing methods are primarily based on discrim-
inative learning and fall into three types: anchor-based,
boundary-based, and query-based. Anchor-based methods
pre-define anchors to classify potential events (Zhou et al.
2018). Boundary-based methods predict classification score
for each frame and combine high-confidence frames to form
proposals (Zhang, Wu, and Li 2022; Shi et al. 2023; Shao
et al. 2023). Query-based methods, inspired by DETR (Car-
ion et al. 2020), use learnable embeddings called action
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Figure 3: An overview of DiffDVC. DiffDVC comprises four components: a video encoder, a noise adder, a boundary-sensitive
detector, and a caption generator. The video encoder extracts multi-level features from an input video. The noise adder adds
noise to ground-truth event proposals during training and scales proposals sampled from a Gaussian distribution during infer-
ence. The boundary-sensitive detector predicts temporal boundaries (start and end times) and foreground classification scores
from the noisy proposals. Finally, the caption generator produces descriptions for the video based on the predicted proposals.

queries to learn event features and decode them into propos-
als (Liu et al. 2022; Tan et al. 2021; Wang et al. 2021). Re-
cently, a few works explore generative learning-based mod-
els, such as diffusion models for event detection (Nag et al.
2023), which are originally developed for image object de-
tection (Chen et al. 2023a). This work considers the differ-
ences between images and videos to better adapt diffusion
models for video event detection.

Diffusion Model

The diffusion model (Song, Meng, and Ermon 2020) is a
powerful class of deep generative models known for its
outstanding in various applications. Diffusion models are
widely used in various generative tasks in computer vision,
including image generation (Ho, Jain, and Abbeel 2020;
Wang et al. 2024; Shang et al. 2024) and video generation
(Ho et al. 2022; Mei and Patel 2023; Ma et al. 2024). Fur-
thermore, the capabilities of diffusion models are further ex-
plored in discriminative tasks, such as image segmentation
(Rahman et al. 2023; Chen et al. 2023b) and detection (Nag
et al. 2023; Chen et al. 2023a). We address the challenge that
event detection methods based on diffusion models (Nag
et al. 2023) are insensitive to the noise added to proposals,
improving the effectiveness of event detection and further
enhancing dense video captioning performance.

Method
Preliminaries
Diffusion Model. Diffusion models are composed of a dif-
fusion process and a reverse process. The diffusion process
is mathematically defined as follows (Ho, Jain, and Abbeel
2020):

q(xe|wo) = N (2o Vauwo, (1 — o)), (M
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which adds Gaussian noise to the sample data x(, transform-
ing it into a noisy latent sample x; at time step ¢ within the
range {1,2,...,T}. Here,a; := [[\_, as = [[.; (1-55),
where (3, denotes the schedule for noise variance. The re-
verse process learns to recover the original sample data.
During training, a neural network is optimized to predict zg
based on x;. During inference, the network reconstructs xq
from Gaussian noise zp through an iterative updating rule
T — x7_A — ... — 2o (Ho, Jain, and Abbeel 2020).

We reformulate event detection as a proposal generation
task through the diffusion model. The sample data z( are
M ground-truth event proposals {(3,,t¢ )}M_,, where t?,
and ¢}, indicate the start time and end time of an event, re-
spectively. The boundary-sensitive detector predicts xy from
Gaussian noisy proposals x;, conditioned on the correspond-
ing video. Based on the predicted proposals, we apply a cap-
tion generator to generate the corresponding captions.

Overview

The structure of Diff DVC is illustrated in Figure 3. Diff DVC
comprises four parts: a video encoder, a noise adder, a
boundary-sensitive detector, and a caption generator.

Video Encoder

The purpose of the video encoder is to obtain multi-level
features from videos to facilitate event detection and cap-
tioning. Initially, video frames are encoded by pre-trained
action recognition methods (Wang et al. 2018). Next, Y tem-
poral convolutional layers are employed to extract multi-
level frame features. Finally, a deformable transformer (Zhu
et al. 2020) is utilized to capture interactions among frames
and aggregate multi-level frame features into F' = {0v}Y_,
where Y represents the total number of feature levels.



Noise Adder

The noise adder builds the diffusion process by convert-
ing ground-truth event proposals into noisy proposals during
training. It pads GTs with extra ones to form N proposals,
denoted Ppaq = {(t5,t¢)}N_,. These proposals are then

n»’n

scaled as follows (Chen et al. 2023a; Nag et al. 2023):
Ppod = (Ppaa x2—1) X s, 2)

The signal-to-noise ratio, set by the signal scaling factor s,
affects diffusion model performance (Chen et al. 2023b). As
per Eq.(1), Gaussian noise is introduced to the scaled pro-
posals, producing noisy proposals Pe.,; = {(t& 1)} ,.
During inference, the noise adder samples multiple propos-
als from a Gaussian distribution and scales them as follows:

Pcrpt = (Pcrpt/sp + 1)/2 (3)

Boundary-Sensitive Detector

The boundary-sensitive detector is designed to increase the
sensitivity of the classification module to changes at the
boundaries. It comprises two key components: a boundary-
sensitive proposal encoder and a detection module.

Boundary-Sensitive Proposal Encoder. The encoder re-
ceives multi-level frame features from the video encoder and
noisy proposals F,,,; from the noise adder. The encoder at-
tends to a set of sampling frames around the boundaries of
noisy event proposals to capture changes at boundaries.

Our design faces two key issues: 1) Identifying the op-
timal range of frames around the proposal boundaries that
require attention. Due to video frame redundancy, the issue
is simplified to selecting which frames around the bound-
aries require attention, rather than focusing on each frame.
2) Deciding the level of attention for each selected frame.

For the first issue, we regard start times P, = {t¢}N_,
and end times P, = {t°°}_, of noisy proposals as refer-
ence points. We apply 2N learnable event queries {&,, }2Y;
to aggregate features of key frames at the noisy proposal
boundaries, with IV for start times and N for end times. Each
query is linearly projected to predict offsets for K sampling
points surrounding each reference point across all feature
levels, identifying the frames to attend to. For example, the
k-th sampling point Dy around the start time ¢7° of the n-th
proposal at the y-th level are obtained as follows:

where ¢, maps the reference points to frame features of the
y-th level and Apfly i, are the predicted offset. Similarly, the
k-th sampling point around the end time Ppy are obtained.

For the second issue, we apply a linear projection to each
event query, generating attention weights for each sampling
point. The features of these sampling points are then fused
based on the attention weights. For example, the attention
feature of the start time of the n-th proposal is calculated by

Y K
S __ ~Y
=D D ity

y=1 k=1

&)

The attention features of the end time ¢, are similarly calcu-
lated. Lastly, the features of start times {c® }_; and the fea-
tures of end times {c¢ })V_, are concatenated and processed
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by a multi-layer perceptron as proposal features {c, }_;.
The proposal features serve as the new event queries, and the
above operation (in Eq.(4) and Eq.(5)) is repeated 6 times.
This operation dynamically adjusts the sampling points or
attention ranges as proposal positions change.

Detection Module. The detection module aims to predict
the boundaries and classifications of event proposals. The
proposal features {c, }N_, are scaled and shifted based on
time embedding before being passed to the localization and
classification heads. The localization head applies a multi-
layer perceptron to refine event proposals by adding pre-
dicted offsets to the noisy proposals. The classification head
applies a linear projection to predict the foreground classifi-
cation score for proposals. Based on the current predictions,
the proposals for the subsequent time step are generated by
DDIM (Song, Meng, and Ermon 2020) during inference.

Caption Generator

The caption generator generates captions based on the pre-
dicted proposals {(#5,£¢)}N_, from the boundary-sensitive
detector. N learnable event caption queries {3,}Y_; and
the predicted proposals are input to deformable DETR (Zhu
et al. 2020) for extracting event features {5, }2_,. To pre-
dict the i-th word wy,, ; for the n-th event, an LSTM takes
the event features $,, and the previous word w,, ;1 as input.
Finally, we utilize an event counter similar to the one used in
PDVC (Wang et al. 2021) to determine the caption number.

Experiments
Experimental Settings

Dataset. We perform experiments using the ActivityNet-1.3
(Caba Heilbron et al. 2015), ActivityNet Captions (Krishna
et al. 2017), and YouCook2 (Zhou, Xu, and Corso 2018)
datasets. ActivityNet-1.3 has 10,024 training, 4,926 vali-
dation, and 5,044 testing videos. ActivityNet Captions in-
cludes 10,009 training, 4,917 validation, and 5044 testing
videos. YouCook2 contains 1,333 training, 457 validation,
and 210 testing videos. Due to the inaccessibility of the test-
ing sets of these datasets, we evaluate DiffDVC using the
validation sets following previous methods (Tan et al. 2021;
Zhang, Wu, and Li 2022; Shao et al. 2023; Liu et al. 2022;
Shi et al. 2023; Tang et al. 2024; Nag et al. 2023; Yang et al.
2023; Zhang, Song, and Jin 2022; Zhou et al. 2018; Mun
et al. 2019; Suin and Rajagopalan 2020; Wang et al. 2021).
Evaluation Metrics. We evaluate DiffDVC in two as-
pects: 1) Event detection: For ActivityNet-1.3, we evaluate
the standard mean average precision (mAP) at IOU thresh-
olds [0.3:0.2:0.9]. For ActivityNet Captions and YouCook?2,
we assess average precision (P), average recall (R), and F1
score at IOU thresholds [0.5:0.05:0.95]. 2) Dense video cap-
tioning: We employ the ActivityNet Challenge 2018 official
evaluation tool, which includes BLEU@4 (B@4) (Papineni
et al. 2002), METEOR (M) (Banerjee and Lavie 2005), and
CIDEr (C) (Vedantam, Lawrence Zitnick, and Parikh 2015).
And we utilize SODA ¢ (S) (Fujita et al. 2020), which is
designed for evaluating video story descriptions in DVC.
Implementation Details. We adopt the same frame fea-
tures as those employed by state-of-the-art methods for a



Method [ Fea [ 05 075 095 Avg
Discriminative learning-based models
RTD-Net I3D | 472 307 8.6 308
Actionformer | I3D | 53.5 362 82 356
TadTR I3D | 49.1 326 85 323
ASL I3D | 541 374 8.0 362
TriDet I3D | 547 38.0 84 36.8
MFAM I3D | 547 373 86 36.6
Generative learning-based models
DiffTAD I3D | 524 356 8.8 348
DiffDVC I3D | 532 364 98 358

Table 2: Event detection on the ActivityNet-1.3. ‘Fea’ refers
to the frame features used. ‘Avg’ means average mAP.

Method Fea |Recall Precision Fl1
SDVC C3D | 55.58 57.57 56.56
PDVC C3D | 5520 57.36 56.26
DiffDVC C3D | 57.29 56.30 56.79
MFT TSN | 2431 5141 33.01
PDVC TSN | 56.21 57.46 56.83
DiffDVC TSN | 58.20 56.81 57.55
PDVC I3D | 55.79 57.39 56.58
DiffDVC I3D | 57.52 56.71 57.11
Vid2Seq (No pre) |CLIP| - - 46.5
Vid2Seq (Pre, Multi) |CLIP| - - 524

Table 3: Event detection on the ActivityNet Captions. ‘Pre’
refers to methods using pretraining. “Multi’ indicates train-
ing on multi-modal inputs.

fair comparison. For ActivityNet-1.3, we utilize I3D features
(Zhang, Wu, and Li 2022). For ActivityNet Captions, we
adopt C3D, TSN, and I3D+VGGish (I3D) features (Wang
et al. 2021). For YouCook2, we utilize TSN features (Wang
et al. 2021; Zhou et al. 2018). For ActivityNet-1.3 and Ac-
tivityNet Captions, we configure the number of event pro-
posals or queries IV to be 15, while for YouCook?2, N is set
to 100. During inference, the sample steps in DDIM are set
to 1. We train word embeddings with 512 dimensions from
scratch. The signal scaling factor is 1.0. We apply the Adam
optimizer and the learning rate is initialized to Se-5.

Comparison with State-of-the-art Methods

We compare DiffDVC with state-of-the-art event detection
methods and dense video captioning methods.

Event Detection Performance. We compare Diff DVC
with event detection methods, including RTD-Net (Tan et al.
2021), Actionformer (Zhang, Wu, and Li 2022), ASL(Shao
et al. 2023), TadTR (Liu et al. 2022), TriDet (Shi et al.
2023), MFAM (Tang et al. 2024), and DiffTAD (Nag et al.
2023). Results on the ActivityNet-1.3 are shown in Ta-
ble 2. Compared to discriminative learning-based methods,
DiffDVC does not achieve the best performance but outper-
forms methods applying queries for detection, i.e., RTD-Net
(Tan et al. 2021) and TadTR (Liu et al. 2022). Most impor-
tantly, Diff DVC performs better in all metrics than DiffTAD
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Method Fea |Recall Precision F1
Vid2Seq (No pre) |CLIP| - - 15.4
Vid2Seq (Pre, Multi) | CLIP| 27.9 27.8 27.8
PDVC * TSN | 2433 33.78 28.29
DiffDVC TSN | 28.60 34.37 31.22

Table 4: Event detection on the YouCook2. * denotes the
calculation using the official codebase.

Method Fea |[B@4 M C S
DCE C3D | 0.17 5.69 12.43 -
SDVC CiD| - 692 - -
DvC C3D | 0.73 693 12.61 -
Efficient C3D | 1.35 6.21 13.82 -
ECHR C3D | 1.29 7.19 14.71 3.22
PDVC C3D | 1.65 7.50 25.87 5.26
DiffDVC C3D | 1.57 7.15 28.20 5.71
MT * TSN | 1.15 498 9.25 -
PDVC TSN | 1.78 7.96 28.96 5.44
DiffDVC TSN | 1.85 7.72 29.90 6.01
PDVC I3D | 1.96 8.08 28.59 5.42
DiffDVC I3D | 1.88 7.74 30.61 6.91
Vid2Seq (No pre) |CLIP| - - 142 54
Vid2Seq (Pre, Multi) |CLIP| - 85 30.1 5.8

Table 5: Comparison of dense video captioning results using
the ActivityNet Captions.

(Nag et al. 2023), which also employs a diffusion model.
We also compare Diff DVC with dense video caption-
ing methods on the ActivityNet Captions, including SDVC
(Mun et al. 2019), PDVC (Wang et al. 2021), MFT (Xiong,
Dai, and Lin 2018), and Vid2Seq (Yang et al. 2023). The
results in Table 3 show that DiffDVC achieves higher recall
and F1 scores on all features. For example, on three features,
the recall scores of Diff DVC are 2.09, 1.99 and 1.73 higher
respectively compared with the best method PDVC. No-
tably, DiffDVC outperforms Vid2Seq, which utilizes large-
scale pretraining and multimodal inputs (transcribed speech
and video). Furthermore, Table 4 shows DiffDVC achieving
the best results with significant gains on the YouCook?2.
Dense Video Captioning Performance. We compare
DiffDVC with SOTA methods trained with cross-entropy
loss, including DCE (Krishna et al. 2017), SDVC (Mun et al.
2019), DVC (Li et al. 2018), Efficient (Suin and Rajagopalan
2020), ECHR (Wang et al. 2020), PDVC (Wang et al. 2021),
MT (Zhou et al. 2018), and Vid2Seq (No pre) (Yang et al.
2023). Results on the ActivityNet Captions are presented in
Table 5. DiffDVC achieves better results on most metrics.
Notably, DiffDVC significantly exceeds all methods on both
the CIDEr and SODA _c score based on the proposals pre-
dicted by the boundary-sensitive detector. CIDEr is shown
to align closely with human consensus when evaluating the
overall quality of captions. On the CIDEr score, Diff DVC
shows relative improvements of 9.01%, 3.25%, and 7.07%
over state-of-the-art scores using C3D, TSN, and I3D fea-
tures, respectively. On the SODA _c score, Diff DVC achieves



Method Fea |[B@4 M C S
MT TSN 1 0.30 3.18 6.10 -
ECHR TSN | - 382 - -
PDVC TSN | 0.80 4.74 2271 4.42
DiffDVC TSN | 0.71 4.29 23.70 5.34
Vid2Seq (No pre) |CLIP| - - 15.6 3.0

Table 6: Comparison of DVC using the YouCook?2.

Detector | Fea |Recall Precision F1
vanilla |[C3D|56.19 55.10 55.64
b-sensitive |C3D | 57.29 56.30 56.79
vanilla |[TSN|57.32 54.88 56.07
b-sensitive | TSN | 58.20 56.81 57.55
vanilla |I3D [ 57.05 55.11 56.06
b-sensitive | I3D | 57.52 56.71 57.11

Table 7: Ablation study on the ActivityNet Captions to
prove the importance of the boundary-sensitive detector (b-
sensitive) for event detection.

relative improvements of 8.56%, 10.48%, and 27.49% re-
spectively over the state-of-the-art scores based on three
features. Furthermore, DiffDVC performs better than the
pretraining method Vid2Seq. Table 6 shows that Diff DVC
achieves better performance on the YouCook?2 validation set
for CIDEr and SODA _c. The results align with our observa-
tion that the accuracy of video event detection greatly affects
the performance of dense video captioning. Moreover, this
impact is more pronounced for CIDEr and SODA _c.

Ablation Studies

To explore DiffDVC in detail, we conduct ablation studies
using the ActivityNet Captions and YouCook?2 datasets, with
15 and 100 proposals, respectively, except when examining
the effects of proposal numbers.

Boundary-Sensitive Detector. To evaluate the effective-
ness of the boundary-sensitive detector (b-sensitive), we re-
place this module with a vanilla detector (vanilla) that does
not focus on proposal boundaries. As shown in Table 7,
when special attention is paid to the boundaries of noisy
proposals, detection performance improves. Consequently,
the model with the boundary-sensitive detector achieves bet-
ter results on all dense video captioning metrics presented

Detector Fea | B@4 M C S
vanilla C3D | 145 661 2684 522
b-sensitive | C3D | 1.57 7.15 28.20 5.71
vanilla TSN | 1.77 740 29.09 5.93
b-sensitive | TSN | 1.85 7.72 2990 6.01
vanilla 3D | 1.79 7.53 30.30 6.75
b-sensitive | I3D | 1.88 7.74 30.61 6.91

Table 8: Ablation study on the ActivityNet Captions to prove
the importance of the boundary-sensitive detector for DVC.
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R P F1
28.52 33.14 30.66
28.60 34.37 31.22

Be@e4 M C S
0.63 4.33 23.51 5.08
0.71 4.29 23.70 5.34

Detector
vanilla
b-sensitive

Table 9: Ablation study on the YouCook?2 to prove the im-
portance of the boundary-sensitive detector.

Detector | Factor | Recall Precision F1
b-sensitive 0.5 58.30 56.81 57.55
b-sensitive 1.0 57.52 56.71 57.11
b-sensitive 1.5 57.51 56.40 56.95
b-sensitive 2.0 58.38 56.20 57.27
b-sensitive 3.0 57.78 55.68 56.71

vanilla 0.5 57.53 56.01 56.76
vanilla 1.0 57.05 55.11 56.06
vanilla 1.5 56.82 55.50 56.15
vanilla 2.0 56.81 54.78 55.78
vanilla 3.0 56.80 53.94 55.33

Table 10: Comparison of event detection results for models
with different signal scaling factors using I3D features on
the ActivityNet Captions.

in Table 8. For example, when employing the boundary-
sensitive detector based on C3D features, recall and preci-
sion scores increase by 1.1 and 1.2. Correspondingly, CIDEr
and SODA _c scores increase by 1.36 and 0.49. Similarly, the
ablation study results on YouCook?2 presented in Table 9 in-
dicate the importance of the boundary-sensitive detector for
event detection and dense video captioning. In conclusion,
focusing on frames around the boundaries of noisy propos-
als enhances event detection, which in turn leads to better
video captions.

Signal Scaling Factor. To further prove the effective-
ness of the boundary-sensitive detector, we perform exper-
iments with different signal scaling factors. The factor s,
(in Eq.(2) and Eq.(3)) determines the signal-to-noise ra-
tio during the denoising process. A larger factor results in
smaller boundary changes caused by added noise, and vice
versa. Results are presented in Table 10. Notably, as the fac-
tor increases, detecting boundary changes becomes progres-
sively more difficult. Diff DVC with the boundary-sensitive
detector exhibits a smaller decline in scores, compared to
DiffDVC with the vanilla detector. This suggests that the
boundary-sensitive detector can sensitively capture subtle
changes at the boundaries caused by added noise. For ex-
ample, when the factor increases from 0.5 to 3.0, DiffDVC
with the boundary-sensitive detector sees a precision drop
of 1.13, compared to a 2.07 drop with the vanilla detector.
Moreover, a smaller factor enhances detection performance,
because appropriately reducing the factor makes boundary
changes more pronounced and easier to detect.

Number of Sampling Points. We examine the influence
of the number of sampling points /K at the boundaries on
the performance of DiffDVC with a boundary-sensitive de-
tector. As illustrated in Table 11, DiffDVC achieves optimal
performance when K is 4.
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56.80
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57.29
57.15
57.27
56.27
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58.20
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57.34
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P
55.86
55.94
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55.70
55.39
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56.33
56.45
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56.31

Be4 M

1.56 7.08
1.57 7.05
1.57 7.15
1.55 7.06
1.54 7.11
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1.73 7.57
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1.77 7.71
1.83 7.62
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28.07
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28.43
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30.61
30.29
30.18

S
5.60
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5.79
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TSN
13D
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13D
13D

O 00 BN 300 BN =51 00 N =R

Table 11: Results using TSN features on the ActivityNet
Captions with different numbers of sampling points (K).

Proposals | Fea | B@4 M C S
15 C3iD | 1.57 7.15 2820 5.71
30 C3D | 1.64 7.13 2879 5.64
50 C3iD | 1.67 697 2931 551
100 C3D | 1.68 7.17 29.76 5.66
15 TSN | 1.85 7.72 2990 6.01
30 TSN | 1.83 7.57 30.07 5.87
50 TSN | 1.86 7.79 3226 598
100 TSN | 1.78 7.71 32.28 6.15
15 I3D | 1.88 7.74 30.61 6.91
30 I3D | 1.85 7.78 30.79 6.67
50 I3D | 2.00 7.88 31.10 647
100 I3D | 1.82 7.61 31.54 6.66

Table 12: Dense video captioning results with varying num-
bers of proposals (N) using the ActivityNet Captions.

Number of Proposals. We evaluate the impact of differ-
ent numbers of proposals N (15, 30, 50, or 100) on DVC,
keeping them consistent during training and inference. Ac-
cording to Table 12, higher proposal numbers improve the
scores on the CIDEr. For instance, increasing the number
from 15 to 100 improves CIDEr scores by 1.56, 2.38, and
0.93 for C3D, TSN, and I3D features, respectively.

Qualitative Examples

In Figure 4, we present examples that visually compare the
dense video captioning results of DiffDVC and the best-
performing PDVC. The example demonstrates that Diff DVC
accurately predicts event boundaries and provides detailed
captions. For video 2, Diff DVC accurately predicts the
boundaries of all two events and provides accurate descrip-
tions of the belly dancing.

Conclusion

In this work, we introduce a new diffusion model designed
for dense video captioning, named DiffDVC. At the heart
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GT:

E1:0-2114
«——E2:0-99.36———«—E2:99.36-211 4——
This woman is playing frisbee with her dog n a secluded

grassy area. She has 2 different colored frisbees and she
throws a white one and a green one as the dog catches every
one of them. They even play tug of frisbee for a while and the
dog may win or the woman may win.

——————— E1:0-209.7 —~—=—-—~
—-E2: 0.34-92.99— > < E3:120.7-209.6—

A woman is seen standing in a field with a dog and throwing
the frisbee. The woman is seen standing in a field with a deg
and leads into him playing a frisbee. The woman throws the
frisbee and the dog catches the frisbee.

PDVC:< E1:0-5852 5. 5461563 <E3: 146.7 - 211.4
A man is seen standing in a field and leads into a man walking
around a field. The man is seen running around the field and
leads into several clips of him running around the field. The
man continues to run around the field and ends with the dog.

«—EI1:0-97.28——

GT:

E2:56.08 - 228.80————
A large group of women are seen standing together and then

walk out onto a stage and perform in front of an audience.
The group leads into two women performing the routine
while the camera zooms in and out and ends with them
walking out.

Our: «—FEl :0.40—82&)—_»_ CE2:56.74 - 227 50— — — — >
A woman is seen standing on a stage and leads into a woman
performing a bellv dancing routine. The woman continues

dancing around the stage and ends with her posing and
walking away.

PDVC<— E1--0.06-16.20  «-—-—E3:85.75 - 228.89--——>»

E2:0.37 - 226.97
A group of people are standing in a room. A woman is

dancing on a stage. The woman continues dancing and ends
with a woman dancing in the room.

Figure 4: Examples of dense video captioning on Activi-
tyNet Captions. Arrows and captions of the same color cor-
respond to the same events (E), where the numbers inside
the arrows signify the start and end times. Underlined words
indicate correctly predicted information.

of DiffDVC is a boundary-sensitive detector, which is de-
signed to increase the sensitivity of the classification mod-
ule to boundary changes. The detector focuses on frames
within a specific range around the start and end times of
noisy event proposals, with the range dynamically adjusted
to suit different event proposals. The proposed method con-
siders that the distribution of important information for clas-
sification differs between image objects and video events,
making the diffusion model more applicable to video event
detection. Experiments on three datasets demonstrate that
the boundary-sensitive detector predicts more accurate event
proposal boundaries. With the help of the detector, Diff DVC
exhibits improved performance in caption generation.
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