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Abstract

Multi-modal transformers are rapidly gaining attention in
video captioning tasks. Existing multi-modal video caption-
ing methods typically extract a fixed number of frames, which
raises critical challenges. When a limited number of frames
are extracted, important frames with essential information for
caption generation may be missed. Conversely, extracting an
excessive number of frames includes consecutive frames, po-
tentially causing redundancy in visual tokens extracted from
consecutive video frames. To extract an appropriate num-
ber of frames for each video, this paper proposes the first
model-agnostic module selection framework in video cap-
tioning that has two main functions: (/) selecting a caption
generation module with an appropriate size based on visual
tokens extracted from video frames, and (2) constructing sub-
sets of visual tokens for the selected caption generation mod-
ule. Furthermore, we propose a new adaptive attention mask-
ing scheme that enhances attention on important visual to-
kens. Our experiments on three different benchmark datasets
demonstrate that the proposed framework significantly im-
proves the performance of three recent video captioning mod-
els.

Introduction

The video captioning task generates descriptions for pro-
vided videos in natural language (Li et al. 2021; Wang et al.
2019). It has been rapidly gaining attention in blind navi-
gation, video event commentary, human-computer interac-
tion, etc. To improve video captioning performances, it is
pivotal to introduce multi-modal transformers (Sun et al.
2019). Many recent studies extract an identical number of
frames for different videos to use a consistent input size for
transformer-based models; see, e.g., (Chen et al. 2023; Yang
et al. 2023).

Selecting a fixed number of frames in existing captioning
models has critical limitations. For videos with abundant in-
formation, e.g., videos with large dynamics, if we extract a
limited number of frames, caption generation performances
can degrade (Lin et al. 2022). It may omit frames that en-
capsulate essential information for caption generation, po-
tentially compromising the accuracy and completeness of
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Figure 1: The overview of the proposed framework.

caption generation (Gao et al. 2023). Conversely, for videos
with little information, e.g., videos with little dynamics, if
frames are densely extracted, it could result in extracting
similar frames. Numerous studies have demonstrated that re-
dundant visual tokens generated by a large number of con-
secutive frames can adversely affect performance (Liu et al.
2023; Liang et al. 2022). Our observations indicate that the
performance of existing video captioning methods stagnates
or even declines as the number of frames increases. We
conjecture that this phenomenon is caused by the fact that
existing methods rely on a fixed number of frames across
all videos. This study assumes in caption generation that it
could be more reasonable to vary the number of frames or vi-
sual tokens for each video, rather than to fix it for all videos.

To address the aforementioned issues, this paper pro-
poses the first Model-Agnostic Module Selection (MAMS)
framework in video captioning that adaptively selects a cap-
tion generation module for each video, where each module
extracts a different number of frames. The proposed frame-
work consists of an existing caption generator that uses all
frames, a smaller caption generator module that uses a sub-
set of frames, and a module & token selector that selects the
appropriate generation module and tokens for each video, re-
spectively. Figure 1 illustrates an overview of the proposed
framework. The process of the proposed framework is given
as follows. (1) We extract visual tokens from video with a



video encoder. (2) Using the proposed module & token se-
lectors, we select an appropriate size of a generation mod-
ule. If a smaller module is selected, we then construct a sub-
set of visual tokens corresponding to selected frames from a
full set of visual tokens. (3) We input selected visual tokens
— combined with textual tokens — to either a large or small
caption generation module. Different from existing models
that use a fixed number of frames and visual tokens, the
proposed framework adaptively selects a caption generation
module with an appropriate size, which results in using a
varying number of frames and visual tokens for each video.
Moreover, we introduce a new adaptive attention masking
scheme that focuses more on visual tokens with higher con-
tributions to caption generation. Ultimately, we select/focus
on essential visual tokens in both frame and token levels.
The contributions of the paper are summarized as follows:

* (Problem discovery) We discover a performance satura-
tion problem in existing captioning methods that extract
the same number of frames from all videos.

* (New methodology) We propose the first MAMS frame-
work in video captioning that selects an appropriate cap-
tion generation module and important visual tokens for
each video in terms of frame level. Additionally, we pro-
pose a new adaptive attention mask that focuses more
on important visual tokens.

e (Broad applicability & performance improvement)
Our framework is applicable to existing video captioning
models and effectively addresses their limitations, signifi-
cantly improving the captioning performance of the three
state-of-the-art models, SwinBERT, UniVL, and mPLUG-
2. Notably, applying the MAMS framework to mPLUG-2
achieved a new state-of-the-art benchmark.

Related Works
Video Captioning

Early video captioning approaches used rule-based meth-
ods, directly extracting subjects, verbs, and objects to con-
struct sentences (Das et al. 2013; Kojima et al. 2002). Sub-
sequent studies extracted sentences on a frame-by-frame ba-
sis and combined them (Bahdanau, Cho, and Bengio 2015;
Sutskever et al. 2014). The majority of recent models are
based on multi-modal transformers, which simultaneously
utilize visual tokens extracted from videos and textual to-
kens from pre-generated words to generate sentences (Arnab
et al. 2021; Sun et al. 2019). Initially, these approaches gen-
erated sentences using pre-extracted visual tokens (Aafaq
et al. 2019; Pan et al. 2020; Pei et al. 2019; Shi et al. 2020).
Over time, approaches using pre-extracted tokens have ad-
vanced into an end-to-end framework that directly extracts
visual tokens from raw videos to generate sentences. This
end-to-end approach significantly enhances performance, as
the visual token extractor can be jointly optimized with the
caption generation module (Lin et al. 2022). We catego-
rize the multi-modal transformer based end-to-end approach
into two main classes. The first category is called sparse
sampling that selects a limited number of frames from the
video (Fu et al. 2023; Wang et al. 2022). This approach could
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Figure 2: BLEU-4 scores (Papineni et al. 2002) with dif-
ferent numbers of video frames in SwinBERT (the MSVD
datasets). The dotted, dashed, and solid lines represent dif-
ferent experiments involving SwinBERT, with and without
an attention mask, and the proposed MAMS framework.

miss important information needed in generating captions
for some videos with large dynamics. The second category is
called dense sampling that extracts visual tokens with a suf-
ficient number from the consecutive video frames (Kuo et al.
2023; Xu et al. 2023; Lin et al. 2022). This approach could
generate redundant visual tokens for some videos with small
dynamics that negatively affect caption generation perfor-
mance. This paper proposes a new framework that can over-
come the limitations of existing caption generation models
using a fixed number of frames.

Limitation of a Fixed Learnable Attention Mask

SwinBERT (Lin et al. 2022) focuses more on important to-
kens for caption generation by introducing a learnable atten-
tion mask that is consistently applied to all videos. This ap-
proach demonstrates improved performance by paying more
attention to visual tokens corresponding to the center of each
frame compared to those corresponding to the edges of each
frame. However, a fixed learnable attention mask has two
limitations as follows. (/) It reduces attention values at the
edges of frames across all videos. Suppose important parts
for caption generation are located at the edges of the frame
in a video. In that case, these parts can be missed in caption
generation, leading to performance degradation (Lin et al.
2022). (2) Additionally, a fixed learnable attention mask can-
not consider the unique characteristics of each video. The
proposed adaptive attention masking scheme can overcome
the limitations in the existing fixed learnable attention mask
scheme.

Preliminary Analysis

This section presents the experimental analysis of the afore-
mentioned saturation issue. The dotted and dashed lines in
Figure 2 show the performance of the SwinBERT (Lin et al.
2022) model without and with a fixed learnable attention
mask, respectively. We observed with the existing methods
that the captioning performance improves as the number of
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Figure 3: The overall MAMS framework

frames increases, but gets saturated or even degraded be-
yond a certain number of frames. Increasing the number of
frames, in general, can use crucial frames and improve cap-
tion generation performance. However, extracting too many
frames can lead to redundancy in visual tokens, resulting in
performance degradation. We argue that for accurate cap-
tion generations, one needs to vary the number of frames
to be extracted for different videos. These experimental re-
sults motivate the proposed MAMS framework that can vary
the number of frames and visual tokens for each video cap-
tioning. The solid lines in Figure 2 show that, by using the
proposed MAMS framework, we achieve consistent perfor-
mance improvement as the number of frames increases, ef-
fectively addressing the limitations of using a fixed number
of frames, i.e., visual tokens, in existing models.

Methods
The Overall Architecture of MAMS Framework

In video captioning, many popular architectures based on
multi-modal transformers consist of three major modules: /)
a video encoder that transforms a video into visual tokens; 2)
a text encoder that transforms a caption into textual tokens;
and 3) a caption generation module that creates captions. In
a nutshell, the proposed MAMS framework augments the
aforementioned architecture by introducing a smaller cap-
tion generation module in parallel. We differentiate two gen-
eration modules with the terms, a large and a small module,
which are tailored for inputs of sizes Tiyrge and Tyman, respec-
tively. Furthermore, our MAMS framework includes a score
calculator for calculating the importance of each visual to-
ken, referred to as a token significance score. Based on this
score, module and token selectors within the MAMS frame-
work strategically choose between two modules for optimal
training and inference. Additionally, a mask generator of the
MAMS framework creates an adaptive attention mask for
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each attention layer, based on token significance scores. Fig-
ure 3 shows the overall architecture of the MAMS frame-
work.

Token Significance Score

In video captioning models, a video encoder transforms
frames into visual tokens. A caption generation module then
takes these visual tokens to produce captions. As adjacent
frames are similar, it is natural that their visual tokens have
similar values. We assume, however, that their contributions
to caption generation are different.

To quantify the contribution of each token to caption
generation, we define a token significance score inspired
by (Cao et al. 2023). Specifically, we define the token sig-
nificance score of the pth token at the ith frame as follows:

aip - [[X7, |
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(1
where a;;, denotes the attention value between a special
classification (CLS) token and a p" visual token at the 4
frame, x!  denotes a p' h visual token at a i frame, T]arge
is the number of total frames, and P is the number of vi-
sual tokens per video frame. We calculate {t; ,, : Vi, p} from
the first attention layer of a caption generation module. Con-
sidering a CLS token as representing the starting point of a
caption, Attention values between a CLS token and visual
tokens can quantify the contribution of visual tokens to the
entire caption (Cao et al. 2023). In Eq. (1), we additionally
assume that not only the attention values but also the visual
tokens themselves influence caption generation and use the
norm values of each visual token in computing the token
significance scores.

ti,p: ) i:17~-~>ﬂargeap:13-~'7

Module and Token Selector

Module Selector Using calculated {¢; ,, : Vi, p} in Eq. (1),
we define a frame significance score for the ith frame as

follows:
P
= tip, i=1,
p=1

where by default, we consider that a video encoder gener-
ates multiple visual tokens from a single frame. Calculating
the defined quantities Eqs. (1)—(2), we use them to select
important frames for caption generation module selection.
We first select important frames, applying a for loop al-
gorithm based on the Gumbel-Softmax operator (Jang et al.
2017) to {f; : @ = 1,..., Tiarge }- As we run the Gumbel-
Softmax operator Tj,e times, the same frame may be se-
lected multiple times so the number of selected frame in-
dices can vary for different videos. In choosing between
small and large caption generation modules, we apply the
following selection rule using the set of selected frame in-

dices S™™;
Select a small module, if |S™| < Ty,
if ‘Sfrm| > Tsmalh

Select a large module,
where |S™| denotes the number of selected frame indices.
The decision rule in Eq. (3) implies the following. The con-
dition |Sf““\ > Timan implies that a small module may miss

2

X Tlarge ’

3)
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Figure 4: Ilustration of proposed module and token selector

important video frames for caption generation, needing to
use a large module. The condition |S™| < Tyn.1 suggests
that the selected frames adequately contain the important
frames for caption generation, leading to selecting a small
module. The Module selector in Figure 4 illustrates the
above module selection process.

Token Selector If a small module is selected as an ap-
propriate one, i.e., |S™| is less than or equal to Typay, we
construct a final set of frame indices as follows. We ap-
ply a while loop algorithm based Gumbel-Softmax oper-
ator until the number of selected indices reaches Ty for
a small module. We use while loops algorithm to ensure
that the input sizes match the requirements of a small gener-
ation module. (See details of the Gumbel-Softmax-based al-
gorithm in the supplementary material.) Conversely, if | S™|
exceeds Tyman, we use all frame indices for a large module.
Through this process, we create distinct sets of visual tokens
for each video. Finally, these selected visual tokens are con-
catenated with textual tokens to construct the input for each
module. The Token selector in Figure 4 illustrates the above
token selection process.

Adaptive Attention Mask

A token selector in the proposed MAMS framework selects
appropriate visual tokens at the frame level based on their
contribution to caption generation. Even though visual to-
kens are generated from the identical frame, their contribu-
tions to caption generation may vary. To better select impor-
tant visual tokens from selected or all frames, we propose
a new adaptive attention masking scheme, where the corre-
sponding binary mask for each frame of a small and large
module is denoted as My, and Mg, respectively. We
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use the adaptive attention mask to enable each module in the
proposed MAMS framework to focus more on visual tokens
with a higher contribution in caption generation. Figure 5
illustrates the proposed adaptive attention masking scheme.

First, we extract the indices of important tokens based on
their contribution to caption generation and use those indices
to generate M. We apply the for loop algorithm based
on the Gumbel-Softmax operator to {¢; , : Vi,p} in (1) to
generate a set of indices of selected tokens in the form of
(i, p), denoted as S™. We run the Gumbel-Softmax operator
for Tiaee - P times that represents the total number of visual
tokens. As a result, some token(s) may be selected multi-
ple times, leading to a variable number of selected token
indices across different videos, with an adaptive attention
mask varying from video to video. The elements of Mi,ge

are determined using S* through the following process:

, ifx=y,
, ifx#£y,xe Sk ye sk
, otherwise,

where x,y € {(i,p) : i = 1,..., Tage; 0 = 1,..., P}.
We apply this masking scheme to all attention layers of a
large caption generation module (if selected). If a small cap-
tion generation module is selected, we construct M.y by

using a subset of {Mlgfgg) : Vx,y € S*}in Eq. (4), with
the indices of the visual tokens selected in the earlier token
selector. We explain further details in the supplementary ma-
terial.

While a module and token selector in the MAMS frame-
work selects an appropriate number of visual tokens at the
frame level, the adaptive attention masking scheme focuses
on more important visual tokens at the foken level. Com-
bined with the adaptive attention masking scheme, the pro-
posed MAMS framework selects/focuses on essential visual
tokens at both the frame and token levels.

M(X7Y) —

large

“4)
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Training Phase

For the training phase, we train both a large and small mod-
ule using two loss functions in the following form:

L= /\largeﬁlarge + )\small[/smallv

(1,0), ®)

(/\lar e >\sma11) -
’ <07 1)> if |S| S Tsmall

where Ligge and Lgpan are losses for training a large and
small caption generation module, respectively. By setting

if |S| > Tsmallv



the module selection weighting parameters (Ajarge, Asmall) @S
in Eq. (5), we nullify either small or large module training,
ensuring that meaningful back propagation flows through
only one module.

Experimental Results and Discussion
Experimental Setups

We ran experiments with three different datasets: MSVD
(Chen et al. 2011), MSRVTT (Xu et al. 2016), and
YOUCOOKII datasets (Zhou et al. 2018). We incorporated
the following video captioning models into the proposed
MAMS framework:

* Two representative models: SwinBERT (Lin et al. 2022)
and UniVL (Luo et al. 2020)

e The state-of-the-art model, mPLUG-2 (Xu et al. 2023).
The mPLUG-2 model is the state-of-the-art video cap-
tioning model, particularly for the MSVD and MSRVTT
datasets.

* While the SwinBERT and M-PLUG-2 models extract vi-
sual features directly from raw videos for training, the
UniVL model trains on pre-extracted features. The UniVL
model, unlike the other two models, is a modular (i.e.,
non-end-to-end) approach.

We evaluated the generated captions using four differ-
ent evaluation metrics: BLEU-4 (Papineni et al. 2002), ME-
TEOR (Banerjee et al. 2005), ROUGE (Lin et al. 2004),
CIDEr (Vedantam et al. 2015). Throughout the tables, we
denote the above metrics as B4, M, R, and C, respectively.
For our experiments, we used PyTorch (Paszke et al. 2019)
and NVIDIA A100 GPUs. See details of experiments and
implementation in the supplementary material. The code is
available at our GitHub repository'.

Main Results

This section discusses the captioning results of a model
that integrates the proposed MAMS framework with re-
cent video captioning models. Tables 1a—1b show that the
MAMS significantly improves the video captioning perfor-
mances of the existing models, SwinBERT and mPLUG-
2 across the MSVD and MSRVTT datasets. The video
captioning performance has improved in overall evalua-
tion metrics, and notably, the MAMS framework signifi-
cantly improves the CIDEr score consistently across differ-
ent datasets. Considering that CIDEr is metrics that primar-
ily evaluate how well words are generated, we conjecture
that MAMS framework is good at generating words with
appropriate meanings. However, generating precise words
could lead to alterations in the structure and order of sen-
tences. This explains the modest gains in ROUGE and ME-
TEOR, metrics sensitive to sentence structure and order. Ad-
ditionally, incorporating the state-of-the-art model mPLUG-
2 into MAMS leads to significant improvement.

Table 2 compares the video captioning performances with
different models using the YouCooklI dataset. In particular,
we compared the MAMS framework with the corresponding

"https://github.com/mancityg/AAAI2025-MAMS
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Models B4 M R C
*TextKG (Gu et al. 2023) 60.8 38.5 75.1 105.2
*CoCap (Shen et al. 2023) 60.1 414 782 1215
*VIOLETV2 (Fu et al. 2023) - - - 139.2
SwinBERT (Lin et al. 2022) 58.2 41.3 775  120.6
MAMS + SwinBERT 60.9 42.1 789  125.0
+2.7) (+0.8) (+1.4) (+4.4)
mPLUG-2 (Xu et al. 2023) 75.0 48.4 853  165.8
MAMS + mPLUG-2 76.9 48.7 87.5 171.6
+1.9) (+0.3) (+2.2) (+5.8)
(a) MSVD dataset
Models B4 M R C
*EMCL-Net (Jin et al. 2022) 453 30.2 63.2 54.6
*CLIP-DCD (Yang et al. 2022) 482  31.3 64.8 58.7
*TextKG (Gu et al. 2023) 437 296 624 52.4
*CoCap (Shen et al. 2023) 444 303 63.4 57.2
*VIOLETv2 (Fu et al. 2023) - - - 58
SwinBERT (Lin et al. 2022) 419 299 621 53.8
MAMS + SwinBERT 433 298 62.9 54.6
(+1.4) (-0.1) (+0.8) (+0.8)
mPLUG-2 (Xu et al. 2023) 579 349 70.1 80.3
MAMS + mPLUG-2 600 347 712 82.9
+2.1) (-0.2) (+1.1) (+2.6)
(b) MSRVTT dataset

Table 1: Comparisons of video captioning performances
with different captioning models (MSVD and MSRVTT
datasets). Within the proposed MAMS framework, we used
SwinBERT and mPLUG-2. The blue numbers in the paren-
thesis indicate the performance comparison of our MAMS
framework with the stand-alone counterparts. The asterisk
(*) denotes the results reported in the respective paper.

Models B4 M R C
SwinBERT 9.0 15.6 37.3 109.0
MAMS + SwinBERT 12.5 15.9 40.8 116.7
(+3.5) (+0.3) (+3.5) +7.7)
UniVL (Luo et al. 2020)  11.2 17.6 40.1 127.0
MAMS + UniVL 14.4 17.8 44.3 133.2
(+3.2) (+0.2) (+4.2) (+6.2)

Table 2: Comparisons of captioning performances with dif-
ferent MAMS models and their stand-alone counterparts
(YOUCOOKII dataset). The blue numbers in the parenthe-
sis indicate the performance comparison of MAMS models
with the stand-alone counterparts.

stand-alone counterparts, SWinBERT and UniVL. Similar
to the above claim with the MSVD and MSRVIT datasets,
the results of Table 2 demonstrate the outperforming perfor-
mances of MAMS using SwinBERT and UniVL over stand-
alone SwinBERT and UniVL models. We additionally ob-
serve that MAMS can improve the non-end-to-end UniVL
model. We conjecture that MAMS framework can be suc-
cessfully applied to a range of stand-alone video captioning
models, improving their performances by a large margin.



Models Adaptive attn. mask B4 M R C
SwinBERT X 582 413 775 120.6
MAMS + SwinBERT X 613 41.6 78.6 1235
SwinBERT v 61.1 41.8 785 1228
MAMS + SwinBERT v 609 421 789 125.0

Table 3: Performance comparisons between four differ-
ent configurations of the proposed MAMS framework
with SwinBERT (MSVD dataset): the stand-alone model,
MAMS without adaptive attention mask, the stand-alone
model with adaptive attention mask, and MAMS with adap-
tive attention mask. ‘Adaptive attn. mask’ denotes adaptive
attention mask.

MAMS  Adaptive attention mask ~ Main words ~ Sub. words
X X 283 48.3
X v 29.0 47.4
v X 28.9 473
v v 295 48.1

Table 4: Words generation performance comparisons using
SwinBERT with our MAMS framework with the MSVD
dataset. We used BLEU-1 (Papineni et al. 2002) to mea-
sure the performance of both main words and subordinate
words results. We refer the key components of a sentence,
such as the subject, object, complement, and predicate, as
‘main words.” We refer the remaining words as subordinate
words, dubbed ‘sub words.’

Ablation Study for the Proposed Framework

This section discusses the ablation study for the proposed
MAMS framework. The second row in Table 3 demonstrates
that MAMS can significantly improve the stand-alone coun-
terpart, even without the adaptive attention masking scheme.
It suggests that by adaptively varying the number of frames
or visual tokens used for each video, the caption generation
performance improves. The third row in Table 3 demon-
strates the effectiveness of the proposed adaptive attention
masking scheme. The adaptive attention masking scheme
that is designed for each module of MAMS, can be ap-
plied to the stand-alone counterpart and significantly im-
prove its captioning performance. By using the adaptive at-
tention mask, we focus more on visual tokens with a higher
contribution in caption generation, resulting in performance
improvements. See the details of implementing the indepen-
dent integration of an adaptive attention mask into existing
models in the supplementary material. Additionally, the last
row in Table 3 implies that MAMS significantly improves
the captioning performance by focusing more on essential
visual tokens at both the token and frame levels.

Analysis of Generated Sentences by the Proposed
Framework

This section analyzes the generated sentences by the pro-
posed framework. Table 4 compares the caption generation
performances with different combinations of MAMS, adap-
tive attention mask, and SwinBERT. Comparing the first and
fourth rows in Table 4, we explain why does the proposed
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Conditions B4 M R C
Eq. 3) 60.9 421 789 125.0
Swapped conditions in Eq. (3)  58.1 402 755 119.6
(-2.8) (-1.9) (-34) (54
(a) Sanity test of module selector
Token score defs. B4 M R C

Eq. (1) 60.9 42.1 789 125.0

1 —Eq. (1) 558 375 751 1168

(-5.1) (-4.6) (-3.83) (-8.2)

(b) Sanity test of token selector

Table 5: Sanity tests of module and token selectors in
the proposed MAMS framework with SwinBERT with the
MSVD dataset. See the results with the MSRVTT dataset in
the supplementary material. The blue numbers in the paren-
theses indicate the degree of performance degradation.

MAMS framework combined with the proposed adaptive at-
tention masking scheme improve the captioning quality. The
comparisons suggest that the proposed framework allows an
existing model to better focus on important visual tokens in
generating core words more accurately.

Sanity Tests of Module and Token Selectors in
MAMS Framework

Table 5a demonstrates that the proposed module selector in
Eq. (3) works appropriately to improve the caption gener-
ation performances. Comparing the performances between
MAMS with the inappropriate module selection design (see
the second row in Table 5a) and the stand-alone counterpart
(see the first row in Table 3) show that MAMS with the in-
appropriate module selection design significantly degrades
the performances of the stand-alone counterpart.

Table 5b shows that the proposed token selector using
the score defined in Eq. (1) works appropriately to improve
the caption generation performances. Comparing the perfor-
mances between MAMS with the inappropriate token selec-
tor design (see the second row in Table 5b) and the stand-
alone counterpart (see the first row in Table 3) show that
MAMS with the inappropriate token selector design signifi-
cantly degrades the stand-alone counterpart. The results can
justify the token significance score in Eq. (1) in selecting es-
sential tokens in the MAMS framework for accurate caption
generations.

Analyses for the Proposed Adaptive Attention
Masks

The proposed adaptive attention masking scheme focuses
more on the visual tokens with higher contributions to cap-
tion generation, which can be located at the edges, center, or
anywhere within the frame, varying for each video. This sec-
tion analyzes its effectiveness compared to the fixed learn-
able mask (Lin et al. 2022), from both the qualitative and
quantitative perspectives.

Comparing results in Figure 6 show that the proposed
adaptive attention masking scheme is more reasonable than
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Two men are fighting

Two guys are fighting
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Generated caption
(SwinBERT)

Generated caption
(Ours + SwinBERT)

A man and woman are standing together

Two men are fighting

(c) Ground truth captions and generated captions

Figure 6: Captioning and visualization example with the
proposed MAMS framework. (a) shows video frames sam-
pled from 13fd4nE80CI_174_181 in the MSVD dataset,
(b) provides a visualization of important visual tokens ex-
tracted by the adaptive attention mask for each frame,
where gray areas represent tokens that are not considered
important. (c) presents some ground truth captions from
i3fd4nE80CI_174_.181, the caption results from Swin-
BERT, and the caption results of MAMS with SwinBERT.

the fixed learnable attention mask. In Figure 6¢, SwinBERT,
with the fixed learnable attention mask, fails to understand
the man in white clothing at the edges of each frame in Fig-
ure 6a and generates an incorrect word, ‘woman’. In Fig-
ure 6b, the adaptive attention masks correctly select the parts
with the man in white clothing and the man in black clothing
as important visual tokens for caption generation, resulting
in accurate captions as shown in Figure 6c.

Table 6 shows that the adaptive attention masking scheme
outperforms the fixed learnable attention mask in captioning
performance, both with the MAMS framework+SwinBERT
and the stand-alone counterpart. These results imply that the
proposed adaptive attention masks, while overcoming the
limitations of the fixed learnable attention mask, better fo-
cus on essential tokens for caption generation.

Comparisons with Different Numbers of
Generation Modules

The default configuration in our MAMS framework selects
between two caption generation modules: a large module
and a small module. This section compares the performance
of MAMS with different numbers of generation modules.
Table 7 compares captioning performances of MAMS in-
corporating SWinBERT by varying the number of genera-
tion module candidates. It shows that the default setup se-
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Models Mask B4 M R C
SwinBERT Fixed attn. mask 582 413 775 120.6
SwinBERT Adaptive attn. mask  61.1 41.8 785 122.8

MAMS + SwinBERT Fixed attn. mask 60.2 414 782 1233
MAMS + SwinBERT  Adaptive attn. mask  60.9 42.1 78.9 125.0

Table 6: Captioning performance comparisons with the
MSVD dataset between SwinBERT and the MAMS frame-
work with SwinBERT, with either a fixed learnable attention
mask or our adaptive attention mask applied to each model,
where Fixed attn. mask and Adaptive attn. mask refers to
a fixed learnable attention mask and an adaptive attention
mask, respectively.

Models B4 M R C
SwinBERT 58.2 413 775 120.6
Ours + SwWinBERT - default 609 421 789 125.0
Ours + SwWinBERT - 3 candidates  59.1 40.8 77.5 119.5
Ours + SWinBERT - 4 candidates 57.4 392 75.1 118.1

Table 7: Performance comparisons of our MAMS frame-
work) with different numbers of candidate captioning mod-
ules for MSVD dataset. The default setup in MAMS uses
two generation module candidates; see Figure 3. See results
with the MSRVTT dataset in the supplementary material.

lecting between two generation modules outperforms con-
figurations that select among three or four generation mod-
ules, each handling different numbers of frames. Increas-
ing the number of candidate modules can divide the train-
ing data into a larger number of groups, potentially result-
ing in some generation modules having a limited number of
training samples, which leads to performance degradation.
Unless the training data contains a large number of samples
sufficient to adequately train all modules, the default setup
is likely to be preferred.

Conclusion

In this paper, we propose the first model-agnostic frame-
work in video captioning, that selects a caption generation
module of appropriate size for each video. To further en-
hance the video captioning performance, we propose a new
adaptive attention masking scheme for the MAMS frame-
work by focusing on more significant visual tokens, which
can guide in identifying the main words. Our numerical ex-
periments across different datasets demonstrate that the pro-
posed MAMS framework significantly and consistently im-
proves the recent video captioning models.

For future work, we plan to further improve captioning
performances and gain further insights by focusing more
on important textual tokens, as well as important visual to-
kens. Additionally, we aim to extend the underlying princi-
ples of the MAMS framework to other video understanding
tasks, such as video summarization and video question an-
swering, to broaden its applicability and impact in the field
of video analysis. Supplementary materials, including addi-
tional experimental results and hyperparameters, are avail-
able at http://arxiv.org/abs/2501.182609.
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