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Abstract

Dense video captioning aims to detect and describe all events
in untrimmed videos. This paper presents a dense video
captioning network called Multi-Concept Cyclic Learning
(MCCL), which aims to: (1) detect multiple concepts at the
frame level and leverage these concepts to provide temporal
event cues; and (2) establish cyclic co-learning between the
generator and the localizer within the captioning network to
promote semantic perception and event localization. Specif-
ically, weakly supervised concept detection is performed for
each frame, and the detected concept embeddings are inte-
grated into the video features to provide event cues. Addition-
ally, video-level concept contrastive learning is introduced to
produce more discriminative concept embeddings. In the cap-
tioning network, a cyclic co-learning strategy is proposed,
where the generator guides the localizer for event localiza-
tion through semantic matching, while the localizer enhances
the generator’s event semantic perception through location
matching, making semantic perception and event localization
mutually beneficial. MCCL achieves state-of-the-art perfor-
mance on the ActivityNet Captions and YouCook?2 datasets.
Extensive experiments demonstrate its effectiveness and in-
terpretability.

Introduction

In recent years, with the rapid growth of video data, automat-
ically generating high-quality video captions has emerged
as a significant research focus in the fields of computer vi-
sion and natural language processing. Dense video caption-
ing (Krishna et al. 2017; Shen et al. 2017; Mun et al. 2019;
Suin and Rajagopalan 2020; Deng et al. 2021), a critical task
within this domain, requires systems not only to accurately
identify multiple events but also to generate natural language
descriptions for each event. The primary challenge is to si-
multaneously handle video content understanding, temporal
event localization, and event captioning.

Despite recent advancements in dense video captioning,
existing methods still exhibit limitations when handling
complex video scenarios. Early methods typically adopt uni-
modal information (e.g., visual features) as input (Krishna
et al. 2017; Tu et al. 2021; Zhou et al. 2018; Tu et al. 2023)
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Figure 1: (a) The two-stage approach predicts multiple event
candidates and eliminates redundancy using non-maximum
suppression. (b) Learnable event queries are embedded in
the generator (visual transformer), with two prediction heads
for localization and captioning. (c) MCCL uses cyclic co-
learning, where the generator, localizer, and descriptor en-
hance performance collaboratively by leveraging the mutual
benefits of captioning and localization.

for image semantic understanding. Additionally, current ap-
proaches face challenges in feature representation and cross-
modal alignment, which can lead to inconsistencies between
the generated captions and video content. Inspired by re-
cent progress in vision and language learning (Radford et al.
2021; Luo et al. 2022; Xie et al. 2023a; Deng et al. 2023),
we enhance video semantic comprehension by retrieving
text information that is highly relevant to the video content,
thereby improving both event localization and caption qual-
ity.

Event localization and caption generation are commonly
integrated into a unified framework. Mainstream methods
can be divided into two categories: two-stage method (Kr-
ishna et al. 2017; Duan et al. 2018; Chen and Jiang



2021; Iashin and Rahtu 2020b) and parallel decoding
method (Wang et al. 2021; Kim et al. 2024). As illustrated in
Fig.1(a), the two-stage method initially employs a localizer
to produce a large set of event proposals, which are then
filtered using non-maximum suppression (NMS) to select
the most accurate ones. Subsequently, a descriptor produces
captions based on the visual context of these proposals. This
approach heavily depends on anchor design, resulting in
substantial computational overhead and limiting end-to-end
training capabilities. More recently, a parallel end-to-end
method PDVC (Wang et al. 2021), shown in Fig.1(b), decou-
ples dense video captioning into two parallel tasks that oper-
ate on intermediate features (event queries). However, we ar-
gue that there is a lack of an effective interaction mechanism
between event semantic perception and localization. Fig.1(c)
illustrates our cyclic co-learning mechanism, in which the
generator perceives potential events (What ?) through se-
mantic matching and guides the localizer in event localiza-
tion. The localizer then feeds back the location matching to
the generator (Where ?), enabling it to better perceive events.
This interactive mechanism makes semantic perception and
event localization mutually beneficial.

In this paper, we propose a dense video captioning net-
work called Multi-Concept Cyclic Learning (MCCL). The
network first enhances video features through video-text re-
trieval. It then detects concepts at the frame level to provide
temporal event cues that enhance event localization and cap-
tioning. Finally, cyclic co-learning is established between
the generator and localizer, enabling mutual benefits in se-
mantic perception and event localization. The key contribu-
tions are as follows:

e A cyclic mechanism is built between the generator and
the localizer to promote co-learning of semantic percep-
tion and event localization.

e To explore temporal event cues, multiple concepts are de-
tected at the frame level in a weakly supervised manner,
which improves both event localization and caption qual-
ity.

e Experiments conducted on ActivityNet Captions and
YouCook2 demonstrate that the proposed method
achieves state-of-the-art performance.

Related Work

Dense Video Captioning. Dense video captioning in-
volves two main tasks: event localization and captioning.
Early methods typically adopt a two-stage framework (Kr-
ishna et al. 2017), where event localization and caption-
ing are performed separately. Some approaches aim to im-
prove event representation to produce more informative cap-
tions (Wang et al. 2018, 2020; Ryu et al. 2021). To achieve
more robust and context-aware representations, recent stud-
ies incorporate multimodal inputs (Rahman, Xu, and Sigal
2019; Chang et al. 2022; Aafaq et al. 2022). However, these
two-stage methods often fail to optimize event localization
and captioning together, leading to a lack of interaction be-
tween the two tasks. To address this, PDVC (Wang et al.
2021) redefines dense video captioning as a set prediction
problem, simultaneously optimizing both tasks on shared
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intermediate features. Some studies enhance the captioning
network by using cycle consistency (Kim et al. 2021; Yue
et al. 2024) to match generated captions with image fea-
tures. In this study, we emphasize the guidance and feedback
between semantic perception and event localization. Moti-
vated by (Tian, Hu, and Xu 2021), we introduce a cyclic
co-learning mechanism that strengthens the interaction be-
tween localization and captioning, enabling more accurate
event localization and high-quality video captions.

Retrieval-Enhanced Captioning. In recent years,
retrieval-based methods have emerged as a promising
approach to enhance video captioning by improving the
informativeness of generated captions (Zhang et al. 2021;
Yang, Cao, and Zou 2023; Chen et al. 2023; Jing et al.
2023; Kim et al. 2024). By aligning video content with
semantically relevant textual information, these methods
enhance contextual understanding, addressing challenges
such as insufficient context and ambiguous descriptions.
This alignment enables the generation of more accurate
and informative captions. In this paper, we retrieve text
associated with video frames to provide additional semantic
information. The retrieved sentences are then integrated
with video features, facilitating more comprehensive video
understanding.

Concept Detection for Video Captioning. Concept de-
tection plays a pivotal role in enhancing video caption-
ing by providing a deeper understanding of video content.
Recent studies have demonstrated its potential to improve
both the quality and informativeness of captions (Gao et al.
2020; Yang, Cao, and Zou 2023; Wu et al. 2023; Lu et al.
2024). These approaches leverage video-level concepts to
generate more detailed and contextually enriched captions.
In this work, we apply frame-level concept detection in a
weakly supervised manner, enabling the model to identify
concepts such as objects, actions, and scenes within individ-
ual frames. By incorporating these concepts, our model cap-
tures fine-grained details and temporal relationships among
video elements, leading to more accurate and contextually
relevant captions.

Methodology

As shown in Fig.2, the proposed MCCL consists of three
components: video-to-text retrieval, multiple concept detec-
tion, and cyclic co-learning. The details are described in the
following subsections.

Video-to-Text Retrieval

To collect semantic information as prior knowledge, a sen-
tence corpus is constructed from in-domain training sets. By
using a pretrained CLIP text encoder, sentence features are
extracted and stored in the corpus. The corpus is denoted as
U = {u;}}L,, where u; € R'*? represents the j-th sen-
tence feature, and M is the total number of sentences.
Given an input video V' with T" frames, a pretrained CLIP
image encoder extracts frame-level visual features F¥ =
{foYE |, where f¥ € R To reduce the computational
cost during video-to-text retrieval, these features are evenly
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Figure 2: Overview of the framework. (a) A pretrained image encoder extracts video features and performs cross-modal retrieval
to obtain sentence features. (b) Video-level and frame-level concepts are detected via multiple instance learning. (c) The features
are fed into the generator to update event queries. The localizer predicts locations for each query and selects the optimal ones,
while the descriptor produces captions based on these optimal queries. The generator and localizer co-learn in a cycle.

divided into W temporal chunks, and the features within
each chunk are averaged to produce chunk-level visual fea-
tures {Si}inp where s; € R1*¢ These chunk features serve
as input queries for text retrieval:

SZ"Uj

[sall - llug |l
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sim(s;, u;) =

where sim(-,-) indicates the cosine similarity. For each
chunk s;, the top N sentences are retrieved from corpus U
with respect to their similarity scores. These Ny sentence
features are subsequently mean pooled to obtain the seman-
tic feature f7 € R4, All chunk-level semantic features are
collectively denoted as F'$ = {f}}V,.
To effectively integrate semantic information with visual
features, cross-modal attention is applied for dynamic fu-
j o ( Fs ) T

sion:
F?,
)

where F' € RT %4 represents the aggregated video features.

F = softmax ( )

Multiple Concept Detection

Concept detection can provide valuable guidance for lo-
calization (Chen and Jiang 2021) and caption genera-
tion (Yang, Cao, and Zou 2023). Frame-level concept de-
tection is introduced to explore temporal event cues. Specif-
ically, the top N most frequent words (nouns, adjectives,
and verbs) from training captions are selected as concepts
E ={e1,ea,...,en. } Then, for each video, a video-level
concept label Y € {0,1}7¢ is constructed, indicating
the presence of each concept in the ground-truth captions.
Specifically, Y'¢ is a multi-hot label where Y,¢ = 1 if con-
cept e; is present and YZ-C = 0 otherwise.
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Multiple Instance Learning Multiple concept detection
takes the video features F' = {f;}Z_, as input and predicts
both video-level and frame-level concepts. For frame-level
concept detection, a shared fully connected layer followed
by a sigmoid function predicts the probability:

pr =0(FC(f1)), (3)
where p; € R N¢ represents the concept probability at
the frame ¢, F'C(-) is the fully connected layer, and o(-) is
the sigmoid function. Then, to predict video-level concepts,
temporal attention aggregates all frame probabilities:

PY = ZZ:l AP,
a = softmax(FW?P), 4)
where PV € R1*/N¢ is the video concept probability, W €
R?¥1 is learnable parameter, o € R” represents the tempo-
ral attention weights, and o is the weight at frame t.
Since only the video-level label Y is available, frame-
level concept detection is performed in a weakly supervised
manner using multiple instance learning:
Nc

Lyt ==Y [V log P! + (1= Y,)log(1 = PY)], (5)
i=1

where P represents the probability of the ¢-th concept.

Considering the high correlations between concepts and
video events, the concept probabilities are weighted with
learnable concept embeddings W¢ € RNc*d to derive
frame-level and video-level concepts:

f=mWe, fre=Pwe, (©)
where fv¢ € R'*9 represents the video concept, and f{ €

R*4 js the frame concept at time ¢. Then, each frame con-
cept is combined with its corresponding frame feature:

fo= i+ fi, (7)
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Figure 3: Cyclic co-learning.

where ft € R'*? is the enhanced frame feature. The en-

hanced video features F' = {f,}7_, are used for event local-
ization and caption generation.

Concept Contrastive Given that concept detection is
weakly supervised, contrastive learning is introduced to ob-
tain discriminative concept embeddings, enabling the model
to accurately distinguish various concepts in videos. For
each video, positive and negative concepts are generated ac-
cording to the ground-truth concept label Y. A positive
concept is defined as one that has at least one intersection
with the ground-truth label, while a negative concept has
none. During training, [Ng pairs of positive and negative con-
cept labels are sampled: Y and YO By combining the
sampled labels and the concept embeddings W as defined
in Eq. (6), we derive Ng positive and negative concepts:
{foe* }s and {fv¢ }Ns|. The triplet loss in the concept
embedding space is defined as:

JRRE -
Liyi = Ni.S‘ nz::l [Sim(fvc7 f;l;c ) — sim(fvc’ f:;c*) + (5} L
(3

where [] max(0, -), sim(-, -) is the cosine similarity,
and 9 denotes the margin. This loss encourages the model to
learn concept embeddings such that the distance between the
video concept and the positive concept is minimized, while
the distance to the negative concept is maximized.

Cyclic Co-learning

The captioning network, based on PDVC (Wang et al. 2021),
consists of three components: a deformable transformer
(generator), a localization head (localizer), and a captioning
head (descriptor). The generator takes video features F and
N learnable event queries {g; }¥; as input, and outputs up-
dated queries {g; }, containing event semantics and tem-
poral information. For each query ¢;, the localizer predicts
the event location [; (start time and end time), and the de-
scriptor produces the caption C; = {¢;1,...,¢;, 1}, where
L is the sentence length. As illustrated in Fig.3, the genera-
tor and localizer co-learn in a cycle: the generator perceives
events and guides the localizer via semantic matching, while
the localizer provides feedback through location matching to
enhance the generator’s semantic perception. Finally, the de-
scriptor produces captions based on the queries selected by
the localizer.

Given N* ground truth events {l;f7 C;-‘ ;V:*p where l;’f is
the j-th event location and C7 is the corresponding cap-
tion. To match the predicted events with ground truth in a
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global scheme, the localizer matches the predicted locations
{I;}N_, with the ground truth locations {I*}?_, (location
matching) using the Hungarian algorithm (Kuhn 1955):

M; = argrrjl&ln Z cost(l;,[7),

(i,5)EM
where M represents all possible matchings, and cost(+, -) is
the glOU (Rezatofighi et al. 2019) cost. The optimal loca-
tion matching M; = {(i, j)li = 7(j),j € {L,-- ,N*}}.
where 7(j) returns the index of the predicted location that
matches the ground truth location . Based on the matching

set M, the localization-guided loS]s L4 is defined:

1
£lg = /\/l* Z (Alﬁgiou(lh l;) + )‘QECGP(C'“ CJ*)) ?
M| (i-3) EM;

9

(10)
where A1 and Ay are hyperparameters, L0, is the glOU
localization loss for localizer, and L4, denotes the cross-
entropy caption loss for descriptor. Obviously, the localizer
selects queries for the descriptor based on location match-
ing and improves the descriptor’s captioning ability. How-
ever, without semantic guidance, the localizer may not ef-
fectively distinguish between semantically distinct nearby
events. Thus, semantic matching is introduced in the gen-

erator:
M = arg max Z sim(qi, 25),
(i,5)EM

where z; is the semantic representation of C; from the CLIP
text encoder, and sim(+, -) denotes the cosine similarity. To
enhance the generator’s semantic perception, the cosine dis-
tance between the queries selected by the localizer and the
ground-truth semantics is minimized:

1 L
Lsem = |M*| E (1 - Slm(qi72j)) .
U Ggyems

Y

12)

Using the optimal semantic matching M7, the semantic-
guided loss L is defined as:

1 * *
Lo = o 2 (Loioal ) + XaLean(C1, C)
(i,5)eM%
+ >\3‘CSEWL7 (13)

Semantic matching encourages the localizer and descriptor

to perceive events from a semantic perspective. Neverthe-
less, it is sensitive to temporally distinct but semantically
similar events (similar events recurring temporally). To ad-
dress this, semantic and location matching are combined to
derive the cyclic loss:

1 *
»Ccyc == |Mz‘ . Z Alﬁgiou(lhlj)
(4,5) EME
1 *
sy > NoLeap(Ci, Cf)
U Ggyemy
+ A3Lsem. (14

In the cyclic loss L.y, the generator improves the local-
izer’s accuracy through semantic matching (the first term).
The localizer, in turn, provides feedback to refine the gener-
ator’s event semantic perception via location matching (the
third term). This strategy enables mutual benefits between
semantic perception and event localization.



Ground-truth proposals  Learned proposals

Models  g@z M Cc S B@ M C S
visual feature C3D

HRNN 1.59 8.81 24.17 - 0.70 5.68 12.35
DCE 1.60 8.88 25.12 - 0.71 5.69 12.43 -
DVC 1.62 1033 2524 - 0.73 693 12.61 -
GPaS 1.53 11.04 2820 - 093 7.44 13.00 -
E2E-MT 271 11.16 4771 - 1.15 498 9.25 4.02
pPDVCT 2.74 10.34 48.55 8.94 1.65 7.50 25.87 5.26
visual C3D + audio VGGish

MDVC 198 11.07 4539 - 1.01 746 738 -
BMT 1.99 1090 42.74 - 1.88 844 11.35 -
GS-MS-FTN 191 1093 - - 1.64 8.69 - -
pDVCY 2.86 10.27 48.64 9.70 1.96 8.08 28.59 5.42
visual feature CLIP

Vid2Seq - - - - - 8.50 30.10 5.80
DIBS - - - - - 8.9331.89 5.85
ppvCt 3.29 11.53 57.17 10.16 1.75 7.63 30.22 6.16
cmt 3.55 12.06 58.97 10.02 2.29 8.51 32.89 6.21
MCCL 3.89 12.52 63.01 10.35 2.68 9.05 34.92 6.16

Table 1: Caption results on ActivityNet Captions. B@4, M,
C, S denote BLEU4, METEOR, CIDEr and SODA _c, re-
spectively. T indicates reproduced from official code.

Training
The overall loss is obtained:
L= Lcyc + /\4£t7'i + A5‘C’mila

where A4, and A5 are hyperparameters.

15)

Experiment
Experimental Setup

Dataset Experiments are conducted on two popular
benchmark datasets, ActivityNet Captions (Krishna et al.
2017) and YouCook2 (Zhou, Xu, and Corso 2018), to
demonstrate the effectiveness of the proposed method. Ac-
tivityNet Captions contains 20k untrimmed videos of hu-
man activities, averaging 120 seconds per video with 3.65
temporally localized sentences, totaling 100k sentences.
We use the official split: 10,009/4,925/5,044 videos for
training, validation, and testing. YouCook2 includes 2k
untrimmed cooking videos, each averaging 320 seconds and
annotated with 7.7 sentences. We follow the official split:
1,333/457/210 videos for training, validation, and testing.

Evaluation Metrics The method is evaluated from two
aspects: 1) For dense captioning performance, evaluation
tools from the ActivityNet Challenge 2018 are used, measur-
ing CIDEr (Vedantam, Lawrence Zitnick, and Parikh 2015),
BLEU4 (Papineni et al. 2002), and METEOR (Banerjee and
Lavie 2005) scores. These metrics assess the average preci-
sion of the matched pairs between generated captions and
ground truth at IOU thresholds of {0.3, 0.5, 0.7, 0.9}. Ad-
ditionally, SODA _c (Fujita et al. 2020) is used to evaluate
storytelling ability. 2) For localization performance, the har-
monic mean of average precision and average recall at IOU
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Ground-truth proposals ~ Learned proposals

Models 5@z M C s B@ed M C S
Pretrain

Vid2Seq - - - - - 930 47.10 7.90
DIBS - - - - - 7.51 44.44 6.39
without Pretrain

PDVCH 3.79 14.05 86.39 16.38 1.62 5.72 30.82 5.03
M2t 3.56 14.09 89.43 15.10 1.64 5.56 30.15 5.21

MCCL 4.69 14.69 96.95 16.85 2.04 6.53 36.09 5.21

Table 2: Caption results on YouCook?2 dataset. { denotes the
results reproduced from official code.

Event Captions Event Localization

B@4 M C Recall Precision F1
pDVCH 175 7.63 3022 53.69 55.16 54.41
cmzt 229 851 3289 5373 56.14 5491
MCCL(Ls,) 136 6.75 2343 4650 61.04 5279
MCCL(L;) 223 856 3215 5215 5661  54.28
MCCL(Lcye) 268 9.05 3492 5319 5736  55.23

Table 3: Localization performance on ActivityNet Captions.
1 denotes the results reproduced from official code.

thresholds of {0.3, 0.5, 0.7, 0.9}, along with the F1 score, is
used.

Implementation Details The experiments are developed
with Python 3.9 and PyTorch 1.12 and performed on a single
RTX 4090 GPU. For both datasets, each video is uniformly
sampled or interpolated to 1" frames, with T set to 100 for
ActivityNet Captions and 200 for YouCook2. CLIP ViT-
L/14’s image encoder extracts 768-dimensional frame fea-
tures, while its text encoder extracts 768-dimensional sen-
tence features from the corpus. For both datasets, the num-
ber of chunks is set to W/ = 20, the number of retrieved sen-
tences per chunk N is set to 10. The number of concepts
is set to N = 500 for ActivityNet Captions and N¢o = 600
for YouCook2. The number of positive and negative samples
Ng is set to 10, with the margin ¢ is set to 0.5. The number
of event queries is set to N = 10 for ActivityNet Captions
and N = 100 for YouCook?2. The hyperparameters A1, Ao,
A3, Ag, and A are setto 4, 1, 0.5, 1, and 1, respectively.

Experimental Results

We compare the performance of our method with that of
state-of-the-art methods based on three types of approaches:
(1) Methods using C3D features: HRNN (Venugopalan et al.
2015), DCE (Krishna et al. 2017), DVC (Li et al. 2018),
GPaS (Zhang et al. 2020), E2E-MT (Zhou et al. 2018), and
PDVC (Wang et al. 2021). (2) Methods using multimodal
features: MDVC (lashin and Rahtu 2020b), BMT (Iashin
and Rahtu 2020a), GS-MS-FTN (Xie et al. 2023b), and
PDVC (Wang et al. 2021). (3) Methods using CLIP fea-
tures: PDVC (Wang et al. 2021), Vid2Seq (Yang et al. 2023),
DIBS (Wu et al. 2024), and CM? (Kim et al. 2024).



Ng B@4 M C SODA ¢ N¢ B@4 M C SODA ¢ Ns B@4 M C SODA_c
5 241 884 3203 5.97 300 1.78 8.09 27.86 5.96 0 201 825 30.11 5.96
10  2.68 9.05 3492 6.16 400 241 8.65 33.02 6.12 5 242 875 34.69 6.20
15 261 893 35.21 6.14 500 2.68 9.05 34.92 6.16 10 2.68 9.05 34.92 6.16
20 253 8.69 34.68 6.24 600 275 9.02 3441 6.01 15 265 8.89 3483 6.12
30 256 8.87 34.90 6.34 700 2.62 881 3253 6.06 20 2.66 8.87 34.41 6.14
50 252 871 3432 6.28 800 2.15 8.54 3275 6.12 30 242 8.60 33.73 6.18

(a) Number of retrieved sentences N .

(b) Number of concepts N¢.

(c) Number of positive and negative samples Ns.

Table 4: Hyperparameter studies on the ActivityNet Captions dataset.

V2T MCD CyC B@4 M C SODACc
b 4 b 4 X 193 7.68 2774  5.61
4 b 4 X 226 854 3132 6.01
b 4 v X 201 8.03 2933 591
b 4 b 4 v 228 839 30.98 5.96
4 v X 232 855 3297 6.24
v 4 vV 268 9.05 3492 6.16

Table 5: Performance of different components. V2T, MCD,
and CyC denote video-to-text retrieval, multiple concept de-
tection, and cyclic co-learning, respectively.

Dense Captioning Performance As shown in Tab.1, the
performance of MCCL on ActivityNet Captions is reported.
Models utilizing CLIP features as input outperform other
methods, indicating that CLIP features provide superior se-
mantic understanding. With ground-truth proposals, MCCL
surpasses state-of-the-art models across all metrics, achiev-
ing a significant 4.04% improvement in CIDEr. With learned
proposals, despite a lower SODA_c compared to CM?2,
MCCL achieves the best results in BLEU4, METEOR, and
CIDEr, showing a 2.03% improvement in CIDEr.

Tab.2 presents the performance of MCCL on YouCook?2
dataset. Notably, Vid2seq (Yang et al. 2023) achieves the
best performance by using an additional 15M videos for pre-
training, and DIBS (Wu et al. 2024) shows sub-optimal re-
sults with an extra 56k videos for pretraining. In contrast,
our method, similar to PDVC (Wang et al. 2021) and CM?,
does not involve any extra pretraining. With ground-truth
proposals, MCCL outperforms competitors across all met-
rics, even achieving a notable 7.52% improvement in CIDEr.
With learned proposals, MCCL achieves the best results in
BLEU4, METEOR, and CIDEr, demonstrating a 5.94% im-
provement in CIDEr compared to CM2.

Event Localization Performance Tab.3 compares MCCL
with methods that use CLIP features as input on Activi-
tyNet Captions datasets. We evaluate the impact of the cyclic
loss (Lcyc.) by comparing it with the semantic-guided loss
(Lsg) and the localization-guided loss (£;4). Ly achieves
high precision but lower recall due to its reliance on seman-
tic matching, making it challenging to handle semantically
similar but temporally distinct events in complex videos.
L4, on the other hand, focuses on location information to
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Figure 4: Concept guidance for video captioning.

B@4 M C SODA ¢
MCCL(w/o concept) 2.57 876 32.46 5.71
MCCL(w/ concept) 2.68 9.05 34.92 6.16

Table 6: Effect of concept features on ActivityNet Captions.

identify temporal boundaries, significantly improving recall.
This highlights the importance of location information in
understanding complex videos. Finally, £.,. enhances the
interaction and optimization between the generator and lo-
calizer, helping the localizer identify temporal boundaries
under semantic guidance and the generator perceive event
semantics based on localizer’s feedback. This mutual rein-
forcement of semantics and localization results in the best
F1 score.

Ablation Studies

Ablation of Hyperparameters As shown in Tab.4a, a
small number of sentences is sufficient to achieve good per-
formance. However, retrieving too many sentences results in
higher SODA _c, but lower METEOR and CIDEr scores. We
hypothesize that a larger number of sentences may enrich se-
mantics, which benefits SODA _c, but also introduces more
irrelevant information, which affects caption quality.

In Tab.4b, the impact of the number of concepts on cap-
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Figure 5: Qualitative captioning results. Two examples from ActivityNet Captions. The ground truth and generated captions for

each video are shown separately.

tioning performance is illustrated. It can be observed that an
appropriate number of concepts improves the model’s per-
formance, whereas too many concepts may somewhat de-
grade caption quality.

Tab.4c shows the impact of concept contrastive learning.
When the number of samples is set to Ng = 0, it indicates
that no contrastive learning is applied. The results show that
concept contrastive learning significantly enhances perfor-
mance by developing discriminative concepts, which help in
identifying visual targets and provide cues for caption gen-
eration.

Ablation Study of Different Components Tab.5 com-
pares the functionality of different components. Through ab-
lation studies on individual modules, it can be seen that in-
tegrating video-text retrieval (V2T) significantly enhances
video captioning performance compared to the baseline
without any components. This demonstrates the effective-
ness of leveraging external knowledge to improve video un-
derstanding. While concept detection (MCD) shows limited
standalone impact, its combination with V2T significantly
improves all metrics, highlighting the crucial role of con-
ceptual information in identifying visual targets and provid-
ing valuable event cues for caption generation. Cyclic co-
learning (CyC) further enhances semantic perception and
event localization, yielding notable gains in CIDEr and
METEOR. Finally, integrating all modules achieves the
best overall performance, despite a slight decrease in the
SODA _c metric.

Qualitative Results

Effect of Concept Guidance To see how concepts guide
video captions, Fig.4 presents an example. The 11-second
video uses the top 20 video-level concepts as reference, with
frame-level probabilities visualized. MCCL identifies con-
cepts such as ‘boy’, ‘girl’, and ‘child’, as well as actions like
‘sitting” and ‘down’, providing valuable temporal cues for
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understanding the video. Compared to the ground truth cap-
tions, our concept detection offers more fine-grained expla-
nations. Although there is a misidentification of ‘woman’ as
‘girl’ and a lack of recognition of their relationship, we be-
lieve that discerning object relationships from visuals alone
is challenging. Additional information, such as audio, could
enhance video understanding. In addition, the comparison
of experiments with and without incorporating concept fea-
tures into video features is provided in Tab.6. It is clear
that MCCL with concept features shows improvements in
all metrics.

Captioning Results Fig.5 shows two prediction examples
from MCCL. It can be observed that our method effectively
captures the temporal boundaries of events, leading to more
accurate event localization. Additionally, the cyclic loss ef-
fectively handles complex videos, enhancing both event de-
tection and caption quality.

Conclusion

In this paper, we propose a Multi-Concept Cyclic Learning
(MCCL) network for dense video captioning, capable of per-
forming frame-level multi-concept detection and enhancing
video features to capture temporal event cues. Additionally,
we introduce a cyclic co-learning strategy where the genera-
tor and localizer mutually reinforce each other. Specifically,
the generator uses semantic information to guide the local-
izer in event localization, while the localizer provides feed-
back through location matching to refine the generator’s se-
mantic perception. This mutual enhancement improves both
semantic perception and event localization.
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