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Abstract. With the widespread popularity of user-generated short videos,
it becomes increasingly challenging for content creators to promote their
content to potential viewers. Automatically generating appealing titles
and covers for short videos can help grab viewers’ attention. Existing
studies on video captioning mostly focus on generating factual descrip-
tions of actions, which do not conform to video titles intended for catch-
ing viewer attention. Furthermore, research for cover selection based on
multimodal information is sparse. These problems motivate the need for
tailored methods to specifically support the joint task of short video title
generation and cover selection (TG-CS) as well as the demand for creat-
ing corresponding datasets to support the studies. In this paper, we first
collect and present a real-world dataset named Short Video Title Gen-
eration (SVTG) that contains videos with appealing titles and covers.
We then propose a Title generation and Cover selection with attention
Refinement (TCR) method for TG-CS. The refinement procedure pro-
gressively selects high-quality samples and highly relevant frames and
text tokens within each sample to refine model training. Extensive ex-
periments show that our TCR method is superior to various existing
video captioning methods in generating titles and is able to select better
covers for noisy real-world short videos.

Keywords: Title generation · Cover selection · Multimodal learning.

1 Introduction

Video titles and covers are two critical elements for capturing users’ attention
when using an app (e.g., TikTok). However, many short videos do not have well-
edited titles beyond plain descriptions or a cover image other than the first frame.
The sheer volume of daily video uploads further makes it hard for the platform
to edit video covers in a timely manner. Therefore, there is an apparent demand
for using artificial intelligence to improve the quality of video titling and cover
image selection, especially with the objective of increasing user engagement.

Various video description generation techniques have been studied and devel-
oped recently, including video captioning [5,15], video-based summarization [6,7],

⋆ Equal contribution.
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etc. They are mainly designed for objectively describing actions and interactions
of objects in a video. For example, for a video of a woman doing yoga, a generated
caption is usually “a woman is exercising while her cat keeps disturbing her”,
which is correct but unvarnished. However, a video uploader would rather title
the scene as “My cat sees me as his toy” in a hilarious way in order to attract
viewers’ attention. Therefore, there is still a gap in the literature to generate
appealing and human-like video titles. However, a lack of open-sourced short
video datasets from real-world social media platforms hinders the development
of techniques for human-like video title generation. Furthermore, little work has
been done on video cover selection [12], which is another challenge, again due to
the lack of video cover selection dataset.

To address the issues mentioned above, we collect a Short Video Title Gener-
ation (SVTG) dataset that consists of 8,652 short video samples with a human-
edited appealing title and a visual cover selected by the original content creator.
To the best of our knowledge, SVTG is the first publicly available dataset that
is designed for joint video title generation and cover selection (TG-CS) on real-
world short videos, especially with a purpose of boosting click-throughs in mind
rather than plainly describing the scene.

Furthermore, we propose a novel video Title generation and Cover selection
with Refinement (TCR) approach that integrates a title-cover generator with
cross-attention-based refinement learning for TG-CS task based on the multi-
modal information in short videos. Specifically, we use a multimodal title-cover
generator to capture the temporal dependency between modalities. In order to
handle noisy modality data extracted from real-life short videos, we further pro-
pose a refinement learning strategy to refine model training.

Our main contributions are summarized as follows: (1) We construct a new
short video dataset, SVTG, which can facilitate research on short video title
generation beyond generating the unvarnished factual description of objects, and
research on video cover selection based on multimodal information. Our objective
is to generate eye-catching video titles and covers, with the goal of engaging
online user attention; (2) We propose the TCR method that can simultaneously
generate appealing titles and covers by fully capturing the dependency between
modalities and refinement training; (3) We evaluate TCR on the SVTG dataset
as well as on the public How2 dataset. TCR has demonstrated its effectiveness
on title generation across the two datasets and on cover selection under SVTG.
We open-source the dataset and code along with supplementary materials to
facilitate future research on generating titles and selecting covers for real-world
social media videos3.

2 Related Work

2.1 Text Generation

Text generation mainly includes text summarization and video captioning. The
former aims to generate a short summary for a long document while preserv-

3 https://github.com/PipiZong/TCR.git
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Table 1. The statistics of the SVTG dataset.

#Videos #Categories #Authors #Sentences Vocab

Train 8,052 37 3,478 155,826 100,361
Valid 200 25 172 3,802 6,770
Test 400 27 288 7,352 10,494
All 8,652 37 3,618 166,980 105,487

ing the main idea of the document. The latter focuses on describing the visual
content of a video using condensed text.

Conventional text summarization utilizes a single text modality to generate
summaries [10,16]. Recent works [6,7] show promising results on summarization
with the help of other modalities, e.g., the visual modality. For instance, Liu et
al. [9] propose both RNN-based and Transformer-based encoder-decoder models
with the input of videos and its ground-truth/ASR transcripts. Encoder-decoder
networks are widely used in video captioning where the encoder converts the
input into high-level contextual representations before the decoder takes the
representations and generates words as the caption. For example, Tan et al.
[15] propose a RNN-based encoder-decoder model with three visual reasoning
modules to generate video captions.

The above methods perform well on generating factual descriptions of a video
scene given the video and the corresponding well-edited transcripts, yet fail when
they intend to generate titles beyond factual descriptions based on noisy mul-
timodal information. In contrast, our method can handle noisy modality data
and capture the subtle relations between modalities, thus being able to generate
both factual descriptions and appealing titles.

2.2 Cover Selection

Cover selection aims to find a representative frame that conveys the main idea
of a video. Song et al. [14] propose a thumbnail selection system using clus-
tering methods. Ren et al. [12] select the best frame based on the prediction
scores. They utilize only the visual modality, which is insufficient for real-world
short videos where the keyframe should be determined by multiple modalities.
Though Li et al. [7] propose VMSMO, to train a cover selection model based on
multimodal information, i.e., news video and news article pairs, their model’s
performance is highly dependent on the quality of news articles that are well-
edited by humans. However, the SVTG dataset does not provide such manually-
created articles. Therefore, it is inappropriate to apply their method to our task
for comparison. Moreover, we extract covers using a unified model instead of an
independent cover selection model, which is more straightforward.



4 Y. Yu et al.

(b)

家里有娃的一定要试试这个果冻蛋糕不仅好看，还能补充水果的营养锅里放着牛奶，
白糖和白凉粉一起搅拌，煮开，倒入模具里放凉。另起锅加清水白糖白凉粉一起搅
拌，煮开牛奶表层稍微凝固了放水果再到入凉水，冷却后就可以定性脱模了，赶紧试

试吧！
If you have a baby at home, you must try this jelly cake. This jelly cake is not only good-
looking, but supplements the nutrition of the fruit. Mix milk, sugar and white jelly together, 
boiled, then poured into the mold and let cool. In another pot, add water, white sugar and 
white jelly, stir together, boil the surface of the milk to solidify a little bit, then put the fruit in 
the cold water. After cooling, demold and serve. Hurry up and try!

家里有娃的一定要试试这个果冻蛋糕，不仅好看还能补充水果的营养
Must try this jelly cake with baby. Not only beautiful, but also fruity and nutritive.

Title (GT)

Text

(a)

Caption (GT):
A waiter brings a pastry with a candle.

M-VAD

Caption (GT):
A man stands in a doorway using a pull up bar to do pull ups.

VATEX

Description:
Like said you can cook this pretty quickly with your family.
Summary (GT):
Learn how to cook and serve picadillo con arroz with expert cooking tips in 
this free classic Cuban recipe video clip.

How2

Description:
This guy on a bmx bike is doing some cool tricks at a skate park, and after 
landing a grind a scooter rider comes out of nowhere and knocks him 
down.
Title (GT):
Bmx rider gets hit by scooter at park.

VTW

SVTG

Fig. 1. Comparison between (a) SVTG data example and (b) Other benchmark dataset
examples. SVTG example has the continuous frames on the top, title on the middle,
and transcripts extracted by ASR/OCR on the bottom. Other examples show their
ground truths (GT) and user-generated descriptions.

3 The SVTG Dataset

To the best of our knowledge, SVTG is the first publicly available Chinese dataset
that designed for the joint TG-CS for short videos. We regard a title as appealing
if it expresses the video maker’s desire to attract viewers with some sentiment
words in addition to describing the factual information (e.g., the interactions
between objects). See Supplementary A for SVTG data collection. Table 1 shows
the statistics of our dataset.

To show the uniqueness of SVTG, we compare it with four other benchmark
datasets, as shown in Fig. 1. Compared with these datasets, SVTG has three
unique characteristics. First, SVTG videos have more appealing titles, which
can promote the study of deep learning models to generate short video titles
beyond plain factual descriptions. As we observe in Fig. 1(a), SVTG videos
usually contain strong sentiment words (e.g., “must” and “nutritive”) to draw
viewers’ attention except simply describing the video scene. In contrast, from Fig.
1(b), we can see that the captions, summaries, and titles in other benchmark
datasets usually emphasize on the actions of objects (e.g., “stand”) and the
interaction between objects (e.g., “a man using a bar”). These descriptions tend
to be unvarnished and objective without any sentiments. If we annotated the
video from Fig. 1(a) in the way as the other datasets do, the title would sound
like “pour milk and add fruit to make cake” and would be less attractive to
online viewers.

Second, SVTG is more challenging for video title generation, and closer to
real-life videos. As demonstrated in Fig. 1(b), the existing benchmark datasets
contain human-annotated video descriptions, subtitles or articles as the text
modality. However, it is expensive or even infeasible to have such human-annotated
video descriptions in real-world applications. In real-world settings, when a con-



Short Video Title Generation and Cover Selection 5

Transformer Encoder

[CLS] t1 t2 t3 t4 t5 ... v6 v7 ... [SEP] y1 [M] ... [M] [SEP]
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Fig. 2. The overall architecture of the proposed TCR method including data prepro-
cessing in the black box, a title-cover generator in the blue dotted box, and a mul-
timodal cross-attention-based refinement module in the orange dotted box. “Title”
means the ground truth title. “Pred” in the attention map represents the predicted
title. And “[M]” in the tokenized sequence stands for a masked token.

tent creator uploads a short video to the platform, the platform needs to select
a cover and generate a title based on the video itself. All information in SVTG
comes from the video itself without any other human annotations. Thus SVTG is
closer to real-world applications. However, ASR- and OCR-detected text can be
highly noisy in contrast to human-annotated summaries or descriptions, making
SVTG more challenging than other datasets.

Third, to our best knowledge, SVTG is the first dataset that includes the
video covers for facilitating the joint TG-CS on short videos. We argue that
the combination of two tasks, title generation and cover selection, is crucial for
attracting viewers’ attention and thus should not be separated for consideration.
Furthermore, having a unified dataset encourages the model to learn the shared
connection of this joint task. See Supplementary B for more details about these
benchmark datasets.

4 Method

We propose a self-attentive method named TCR for the joint TG-CS under
the SVTG dataset. Fig. 2 shows the structure of the TCR method. It consists
of a multimodal title-cover generator and a refinement module. The generator
generates titles and extracts covers by fully exploiting the dependency between
modalities. The refinement module helps refine model training by selecting high-
quality samples and highly relevant tokens/frames within each sample. We will
explain the TCR method in detail below.

4.1 Title Generation and Cover Selection

Since the frames and the text inputs are both temporally ordered, we can directly
combine them to explicitly learn the dependency between all pairs of text tokens
and frames. We first preprocess the training data into the following formats:
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– Text Representation: given the transcripts extracted by ASR and OCR from
a video, the combined ASR and OCR text is tokenized into a sequence of
WordPieces [17], i.e, T = (t1, t2, ..., tn), where n is the number of tokens in
the sequence.

– Title Representation: the title is represented as a sequence of tokens Y =
(y1, y2, ..., ym), where m denotes the number of tokens in Y .

– Video Representation: given a sequence of video frames of length L, we feed it
into a pre-trained ResNet-101 2D convolutional neural network [3] to obtain
visual features V = {vl}Ll=1 ∈ RL×dv , where dv is the feature dimension of
the pretrained ResNet model.

The title-cover generator is composed of three embedding layers, 12-layer
transformer encoders, and a language modeling (LM) head on top as the de-
coder. On the one hand, we regard the frames as L virtual tokens {vi}Li=1 and
concatenate them with text tokens T to form a new sequence of length L+n. We
also add a special token [CLS] at the start of the sequence and another special
token [SEP] at the sequence end. These tokens, including Y, are embedded by
three embedding layers that are trainable: token-level embedding, position-level
embedding, and segment-level embedding.

On the other hand, we feed the frame features V into a fully connected (FC)
layer to project it into the same lower-dimensional space as the text token embed-
dings and regard the projected frame features as the frame token embeddings. To
establish a connection between the text tokens and frames so that they could at-
tend to each other, we combine their respective embeddings by simply replacing
the virtual token embeddings with the frame embeddings. Therefore, the final
representations for text tokens and video frames can be obtained by summing
up their corresponding three embeddings. We then feed these representations as
the input to the transformer encoders.

Assume the input is XV T ∈ RL′×dh where dh is the hidden size of our model,
the output of the i -th transformer encoder is denoted as Oi ∈ RL′×dh . Each en-
coder aggregates the output of the previous encoder using multiple self-attention
heads, thus Oi is computed by:

Oi =

{
XV T , i = 0;

Encoderi(Oi−1), i > 0.

In this way, we can obtain visual-language fusion representations at different en-
coder layers. Let Ai denotes the attention score of each head in the i -th encoder.

Ai = Dropout(Softmax(
QiK

T
i√

dh/12
+ Attention Mask)),

Qi, Ki = Oi−1WQi
, Oi−1WKi

.

(1)

Q and K are the queries and keys linearly transformed from the input of each
encoder. Attention Mask ∈ RL′×L′

(elements ∈ {0,−∞}) is used to make sure
the target token to be generated only attending to the leftward information
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including itself, the generated tokens, frames and text tokens [2]. The LM head
consists of two dense layers and a layer normalization (LN) layer in between to
calculate the vocabulary distribution for decoding. Once the generator is well-
trained, we select a frame with the highest attention score obtained in Equation
1 as the video cover.

4.2 Attention-based Model Refinement

Considering redundant noise may exist in the ASR/OCR transcripts and con-
tinuous frames, noise filtering is intuitive to help improve the quality of the
generated titles. To this end, we propose an attention-based refinement module,
which will automatically select not only the key parts of the multimodal input
within each sample but also select higher-quality samples. Moreover, the module
can interact with the above generator to find the best combination of different
input tokens for progressively refining the generator.

Token-level refinement. Given a title-cover generator, we could first gen-
erate titles for the training data. We then acquire the cross-attention scores
between the generated titles and the inputs, i.e., the ASR/OCR tokens and the
frame tokens, through Equation 1. We assume the tokens that the generated
titles attend to a lot are critical for building a generator with good performance.
Therefore, we extract them as refined sentences/frames. For sentence refinement,
we first locate the sentence that has the highest attention score with each gen-
erated token. Then, the top u sentences which the generated title attends to
frequently are naturally selected as the key sentences.

Video titles always contain some words (e.g., “alley-oop” in a basketball
game video) that frequently appear in the ASR/OCR text but are rarely related
to video frames. Therefore, we need to select the related frames at a higher
granularity than the way we select related sentences. To achieve this, we first
assign a weight ∈ [0, L] to each frame according to its attention scores with each
generated title token, then calculate the total weights for each frame. Higher
weights indicate greater contributions to title generation. We finally pick out
the top v frames with the highest weights as the refined frames or keyframes for
the video.

Sample-level refinement. In addition to refining the tokens within each
sample, we denoise the data by selecting higher-quality data at the sample level.
A training data will be deemed high-quality if the generated title by the generator
M is similar to its ground truth title. The similarity is computed by the Rouge
score [8].

Apparently, with refinement at both token-level and sample-level, we could
refine the title-cover generator multiple times until we get the best test results.
See the detailed refinement algorithm in Supplementary C.

5 Experimental Results

5.1 Baseline Models

We compare our proposed method with the following baseline models:
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Lead-3 directly selects the first three sentences from the text as the title [10].
HSG constructs a heterogeneous graph with sentence nodes and word nodes,

then selects sentences as the summary for a document by node classification [16].
MAST is a model consists of encoder layers, a hierarchical attention layer,

and a decoder that generates a textual summary on multimodal inputs [6].
NMT is an RNN-based model [1] designed for sequence-to-sequence tasks

and modified for video description tasks.
MFN generates a summary based on video and its ASR or ground-truth

transcript through a multistage fusion model with a forget gate module to remove
the redundant information [9].

Bert2Bert contains a text BERT encoder, a video transformer encoder and
a BERT decoder, which is a popular framework used in recent video/image +
language works [4].

5.2 Implementation Details

We evaluate the above baseline models and our TCR model on the SVTG dataset
following the split criteria in Table 1. We implement our experiments using
PyTorch [11] on an NVIDIA V100 GPU. To preprocess the videos, we sample
25 frames for each video and extract visual features from these sampled frames.

Our multimodal generator is adapted from a text pretrained model architec-
ture [2]. The vocabulary size is 21,128. We use AdamW optimizer with a learning
rate of 1e− 5. Linear warmup schedule is set for the first 10% of the total train-
ing steps with linear decay. Dropout is adopted for regularization. The batch
size is set to 16, and the maximum input sequence length is set to 512. During
training, we only mask 20% of the title tokens, and the maximum number of
masked tokens is set to 20. We train up to 20 epochs with the cross-entropy
loss computed by the predicted title tokens and the ground truth tokens. The
validation set is used to select the best model with the highest mean score of the
evaluation metric. For testing, we use beam search with beam size 5 to report
the final test results. For refinement, we select the top 3 sentences/frames and
perform one iteration.

In addition, we evaluate the TCR on the publicly available How2 dataset
[13] to further validate its generation ability. The How2 dataset consists of
79,114 videos accompanied by corresponding user-generated descriptions and
summaries. It has a train set of 73,993 samples, a validation set of 2,965 sam-
ples, and a test set of 2,156 samples. Since the TCR method is designed for
handling real-world short videos with noisy multimodal information, we use the
ASR transcripts instead of the provided descriptions following the work of Liu
et al. [9] for a fair comparison.

5.3 Results

Here we first report the performance of the baseline models and our proposed
TCR for title generation. Then we show the evaluation results of cover selection.
Later, we present the ablation tests from different aspects.
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Table 2. Rouge score comparison with the baselines for SVTG.

Model R-1 R-2 R-L

Lead-3 29.44 18.40 37.35
HSG 41.06 27.45 40.59

NMT 41.20 28.74 41.91
MFN-rnn 16.64 1.47 14.36
MAST 39.73 27.42 41.00
MFN-transformer 19.24 3.99 18.40
Bert2Bert 24.84 5.75 22.58

TCR w/o Text 8.53 0.31 9.30
TCR w/o Visual 46.35 32.67 46.07
TCR 47.62 33.98 47.08

Title generation performance. We evaluate the quality of the generated
titles by the standard Rouge F1 matric [8] following previous works [6, 7, 9, 10,
16]. R-1, R-2, and R-L refer to the unigram, bigram, and longest common sub-
sequence overlap with the ground truth title, respectively.

We first compare the results of our method and the baseline models on SVTG,
as listed in Table 2. We can observe from the table that TCR outperforms all
the baseline models in terms of all Rouge scores. Specifically, TCR outperforms
the best baseline model by 6.42 R-1 points, 5.24 R-2 points, and 5.17 R-L points,
indicating its superior ability to learn video titles when given noisy ASR/OCR
text and frames. Though these baseline models perform well in generating sum-
maries and captions given user-annotated text descriptions, they are incapable
of generating titles in social media language and handling noisy text informa-
tion. In contrast, TCR can generate more accurate titles by fully exploiting the
dependency between all text/frame tokens and denoised training.

Table 3. Rouge score comparison for How2.

Model R-1 R-2 R-L

S2S 48.1 28.2 43.4
FT 51.1 31.0 45.8

HA-rnn 53.9 34.2 48.7
HA-transformer 55.1 36.0 50.1
MFN-rnn 60.0 43.6 56.1
MFN-transformer 59.3 42.1 55.0

TCR 60.9 44.2 60.6

To further examine the generation ability of TCR, we apply it to a public
dataset, How2, that is designated to generate a factual summary for videos.
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Table 4. Evaluation scores on the selected frames and the default covers that come
with the videos.

Pictures Superior Informativeness

Our selected frames 31.5% 15.5%
Default covers 25.5% 15.5%
Cannot tell 43.0% 69.0%

Table 3 presents the results on How2. We use the dataset and baseline models in
the work [9] for a fair comparison. See Supplementary D for model details about
these baselines. We can observe from Table 3 that TCR outperforms the baseline
models in all Rouge scores. Notably, it outperforms the best baseline MFN-rnn
model by 4.5 R-L points. This finding again indicates that TCR is excellent
at generation both within factual descriptions (e.g., summaries in How2) and
beyond factual descriptions (e.g., titles in SVTG). Moreover, by comparing the
performance of MFN in Table 2 and Table 3, we can conclude that MFN is unable
to generalize to SVTG that is distinct from traditional video summary/caption
datasets.

Cover selection performance. We compare the selected cover images with
the default cover that comes with the videos by human judgments from the fol-
lowing aspects : Informativeness (which picture corresponds to the topic con-
veyed by the video title), and Superior (which picture is better to be a video
cover that attracts you). See Supplementary E for more details about the human
evaluation.

The results are reported in Table 4. We can observe from the table that
participants cannot tell which one is better in most cases because the two pictures
are almost identical. Moreover, our selected covers outperform the default covers
by 23.5% in terms of Superior while they are equivalent in Informativeness,
which demonstrates the effectiveness of our method to automatically select the
cover image from a series of frames.

Ablation studies. All ablation studies are performed on the SVTG dataset.
The last three rows in Table 2 show the ablation results on the effect of differ-
ent modalities. From this table, we can see that TCR outperforms TCR w/o
Visual and TCR w/o Text, which demonstrates that multimodal information
can benefit title generation more than a single modality. It can also be easily
observed that the text modality is dominant while the visual modality has less
contribution in title generation because ASR- and OCR-detected text usually
contains words that describe the highlights of stories in short video cultures.
Supplementary F further provides the ablation tests on the number of selected
sentences/frames and refinement iterations.

5.4 Qualitative Analysis

Fig. 3 shows examples including the generated titles by baseline models and
our proposed model, as well as the cover selection comparison. The results from
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Ground Truth:

女子吐槽一超市的大葱贵如金，不论斤卖论根卖
Lady complaining about the sale of scallions in supermarkets—sold in pieces instead of kilograms, expensive as gold!

Ours:
大葱贵如金，超市大葱不论斤卖论根卖
As expensive as gold, supermarket is selling scallions in pieces instead of kilograms.

Selected FrameDefault Cover

Cover Comparison

HSG:
大葱贵如金〞超市大葱不论斤卖论根卖1月17日宁波不论斥就是九块九毛九。
Scallions expensive as gold "supermarket scallions sold in pieces instead of kilograms On January 17, Ningbo, was nine yuan and nine cents.

MAST:

大葱不论斤， 超市大葱不论斤
Scallions regardless of kilograms, supermarket scallions regardless of kilograms

Title Comparison

NMT:

大葱的贵如金超市，金超市大葱不论斤卖黄
Scallions expensive as gold supermarket, gold supermarket scallions regardless of kilograms sell yellow.

(a) (b)

Fig. 3. Examples of (a) the generated titles by the baselines and TCR (b) the selected
frame and its default cover that comes with the video. The video title is “Kobe Bryant
pump fakes Vince Carter”.

Fig. 3(a) demonstrate that our proposed model could generate a more accurate
title than the baselines. Furthermore, as shown in Fig. 3(b), the selected frame
is better than the default cover that comes with the video since the selected
frame captures the jumping moment of the defence player while the default cover
does not. To better understand the refinement process and what our model has
learned, we also visualize the attention scores in Supplementary G.

6 Conclusion

In this paper, we first collect a real-world dataset named SVTG to specifically
support the joint TG-CS task for short videos. To our best knowledge, SVTG is
the first short video dataset that contains appealing titles instead of unvarnished
factual captions or summaries like other benchmark datasets. Then we propose
a TCR method that consists of a title-cover generator and a model refinement
module. The title-cover generator generates the title and extracts the cover image
by fully exploiting the dependency between modalities. The refinement module
further selects high-quality training samples and relevant text/frames within
each sample to refine the generator progressively. Experiments on the SVTG
dataset and the public How2 dataset show the effectiveness of the proposed
TCR method on title generation when given noisy data. Furthermore, the cover
selection evaluation results suggest that our selected covers are preferred com-
pared to the default covers. This further demonstrates the effectiveness of the
TCR method on cover selection.
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