
1057-7149 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TIP.2022.3159472, IEEE
Transactions on Image Processing

1

I2Transformer: Intra- and Inter-relation Embedding
Transformer for TV Show Captioning

Yunbin Tu, Liang Li, Li Su, Member, IEEE, Shengxiang Gao, Chenggang Yan,
Zhengjun Zha, Zhengtao Yu, Qingming Huang, Fellow, IEEE

Abstract—TV show captioning aims to generate a linguistic
sentence based on the video and its associated subtitle. Compared
to purely video-based captioning, the subtitle can provide the
captioning model with useful semantic clues such as actors’
sentiments and intentions. However, the effective use of subtitle
is also very challenging, because it is the pieces of scrappy
information and has semantic gap with visual modality. To
organize the scrappy information together and yield a pow-
erful omni-representation for all the modalities, an efficient
captioning model requires understanding video contents, subtitle
semantics, and the relations in between. In this paper, we
propose an Intra- and Inter-relation Embedding Transformer
(I2Transformer), consisting of an Intra-relation Embedding Block
(IAE) and an Inter-relation Embedding Block (IEE) under the
framework of a Transformer. First, the IAE captures the intra-
relation in each modality via constructing the learnable graphs.
Then, IEE learns the cross attention gates, and selects useful
information from each modality based on their inter-relations,
so as to derive the omni-representation as the input to the
Transformer. Experimental results on the public dataset show
that the I2Transformer achieves the state-of-the-art performance.
We also evaluate the effectiveness of the IAE and IEE on two
other relevant tasks of video with text inputs, i.e., TV show
retrieval and video-guided machine translation. The encouraging
performance further validates that the IAE and IEE blocks have
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home tomorrow…
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Chandler is in the office with Monica as he speaks to her .

Chandler is talking to Joey on the phone .
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Ground Truth:  Chandler holds to a phone then his assistant walks away then 

start talking to Joey on phone.

Transformer

Fig. 1. An example of TV show caption generation with and w/o the proposed
I2Transformer. The dotted line denotes the caption generated by the state-of-
the-art MMT [7] method, and the solid line denotes the caption generated by
our proposed method. The words in green and red color respectively denote
correct and incorrect words with respect to the ground truth words.

a good generalization ability. The code will be released in the
future.

Index Terms—TV Show captioning, video and subtitle, intra-
relation embedding, inter-relation embedding, Transformer.

I. INTRODUCTION

AUTOMATICALLY describing TV show videos and their
associated subtitles is a new research direction in the

community of image captioning [1], [2], [3] and video caption-
ing [4], [5], [6]. Compared to purely video-based captioning
[4], [5], [6], on one hand, video+subtitle captioning is able
to generate high-level linguistic sentences rather than simple
descriptions of visual content, because subtitles can provide a
captioning model with some implicit but very useful semantic
clues to explain actors’ sentiments and intentions. In this
way, video+subtitle captioning is able to give the viewers
better experiences when they browse and retrieval the video
content. On the other hand, video+subtitle captioning also
faces the challenges of 1) organizing the pieces of scrappy
information together from subtitles and 2) bridging the se-
mantic gap among different modalities so as to learn an omni-
representation of both video and subtitle for caption genera-
tion. Thus, an efficient captioning model should understand
video contents, subtitle semantics, and, most importantly, the
relations in between.

As the pioneer work for this task, Lei et al. [7] first repre-
sented each video and its subtitle by appearance, motion, and
text modality, respectively. Then, they directly concatenated
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all modalities as the input to a vanilla Transformer [8] for
caption generation. Later, Li et al [9] concatenated appearance
and motion modalities as visual modality. Then, they modeled
the inter-relation between visual and text modality by cross-
attention mechanism [8]. However, in both works, the intra-
relation in each modality and inter-relations in cross-modalities
are ignored or insufficiently learned during the fusion of video
and subtitle. In this case, it is difficult for the captioning model
to understand the semantics of each modality and the semantic
interactions in between.

For a video, there may exist irrelevant information in certain
frames, but its main content is supposed to focus on one
event. To this end, it is necessary to learn the intra-relation of
semantics for appearance and motion modalities, which would
help distinguish irrelevant information from the main content.
For subtitles, they mainly consist of dialogues which are
always scrappy information, so the captioning model would
be difficult to learn its meaning. Yao et al. [10] have shown
that each word representation can be induced from other words
in a sentence. Hence, it is beneficial to summarize the main
content of subtitles by learning semantic relations between
words.

Besides, simple feature concatenation cannot make full use
of the inter-relations in cross modalities [11], [12]. Thus, learn-
ing the inter-relations in cross modalities is also important. In
a video, static entities and dynamic actions can be represented
by appearance and motion modality. If directly concatenating
them, the semantic interactions between entities and actions
will be ignored. In terms of subtitles, they mainly consist
of dialogues of actors, which are very useful information to
convey actors’ intentions and sentiments. Hence, each modal-
ity not only has the specific meaning itself, but also can be
as supplementary information for the others. For instance, as
shown in Fig. 1, the visual entity “person” and action “talking”
can be easily represented by appearance and motion modality,
respectively. As for the key detail “phone” which is too tiny to
recognize, it can be inferred by the clue from their dialogues.
In this case, if the inter-relations in cross modalities cannot
be fully exploited, the captioner will generate an inaccurate
caption (in the dotted line box of Fig. 1). Hence, the inter-
relations in cross modalities play crucial roles in thoroughly
understanding the video content. To this end, it is necessary to
build the intra-relation in each modality and inter-relations in
cross modalities when obtaining the omni-representation for
both video and subtitle.

In this paper, we propose a novel Intra- and Inter-relation
Embedding Transformer (I2Transformer) for TV show cap-
tioning (TVC). The model consists of three blocks: an Intra-
relation Embedding block (IAE), an Inter-relation Embedding
block (IEE) and a standard Transformer. Specifically, in the
IAE, we first formulate every frame in a video and every
word in a subtitle to be a node, so we can gain three kinds of
node representations, i.e., appearance, motion, and text nodes.
Then, we build three learnable fully-connected graphs to learn
the semantic relations between node representations in each
modality. With the aid of graph convolutional networks [13],
the node representation of each modality can be enhanced
during the process of relation reasoning. In the IEE, we first

design the cross attention gates via the sigmoid activation func-
tion to determine the relevance among different modalities.
Then, based on them, we mine useful information from each
modality to generate the omni-representation for video and
subtitle. Finally, the learned omni-representation is fed into the
Transformer for caption generation. When the intra- and inter-
relations are embedded, this omni-representation can clearly
represent entities and actions in videos, as well as intentions
and sentimental information in subtitles.

The contributions of this work are summarized as follows:
• We propose a novel I2Transformer for generating the TV

show caption, where the omni-representation for both
video and subtitle is learned in the fusion process of
multiple modalities.

• Both IAE and IEE blocks are introduced to learn the
intra-relation in video and subtitle, as well as the inter-
relations in between. This is beneficial to understand the
semantics of each modality and the semantic interactions
in cross modalities.

• Extensive experiments on the TVC dataset show that
our approach can achieve state-of-the-art performance.
Meanwhile, we also evaluate the effectiveness of IAE
and IEE blocks for the TV show retrieval (TVR) and
video-guided machine translation (VMT) tasks, and the
experimental results demonstrate that they have a good
generalization ability.

The remainder of this paper is organized as follows. In
Section II, we first review some relevant research works. In
Section III, we introduce the overall framework of our pro-
posed method and describe each block in detail. In Section IV,
we elaborate the used datasets, evluation metrics, experimental
procedure, quantitative analysis, and qualitative analysis. In
Section V, we come to the conclusion and make a discussion
about future research of this work.

II. RELATED WORKS

In this section, we will first briefly review the previous
works for video captioning and video+subtitle captioning (TV
show captioning). Then, we will introduce the captioning
works focusing on multi-modal fusion. Finally, we introduce
the use of graph neural networks in captioning.

A. Video Captioning

The task of video captioning has been flourishing in the
community of multi-modal learning these years, because it
connects computer vision [14], [15] and natural language
processing [8], [16] which are two important applications in
Artificial Intelligence.

The methods for video captioning can be classified into
two dimensions: (1) template-based methods and (2) encoder-
decoder-based methods.

1) Templated-based Methods: In the early years, the
template-based method [17], [18] is a common strategy for
video captioning. Concretely, this pipeline first exploits differ-
ent kinds of classification methods to predict a set of visual
concepts, such as objects, relationships, and attributes. Then,
based on the pre-defined sentence template and basic grammar
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rules (e.g., subjects-verbs-objects), a video caption is yield by
organizing these pre-detected concepts. The advantage of this
method is intuitive. However, its disadvantage is also apparent.
Due to the limitation of pre-defined templates, this method is
inflexible to generate diverse and meaningful sentences.

2) Encoder-decoder-based Methods: This kind of method
[19], [20], [21], [22], [23], [24], [25] is inspired by the idea
of neural machine translation [16] to translate a short video
into a sentence. Generally, a pre-trained convolutional neural
network (CNN) is first used to extract video features from
corresponding a sequence of video frames. Then, either the
LSTM-based recurrent neural network [26] or Transformer [8]
is leveraged as the encoder to model the temporal dependen-
cies of features (by the LSTM) or feature correlations (by
the Transformer), and as the decoder to transform encoded
features into target words. Recently, dense video captioning
[27], [28], [29], [30] has attracted more and more attentions.
Instead of describing short videos, this task aims to detect
multiple events that occur in a long video, and describe
each event with a natural language sentence. However, both
tasks belong to purely video-based captioning and do not use
associated subtitles that are very useful information to explain
actors’ intentions.

B. Video+Subtitle Captioning
Recently, a new task called TV show captioning (TVC)

[7] mitigates the limitation of previous tasks by reserving
the subtitle of each video. Compared to purely video-based
captioning, TVC is more challenging, because it requires
simultaneously dealing with video and subtitle, which are
totally different modalities. Especially for subtitles, on one
hand, they are able to convey much implicit information
such as actors’ intentions and sentiments, which can not only
augment the visual modality, but also improve the cognition
ability of the captioning model. On the other hand, subtitles
originally derive from actors’ dialogues, so they are a set of
scrappy text information and need to reorganize.

The methods of Lei et al. [7] and Li et al. [9] are the pio-
neers for this task. Following the encoder-decoder framework
of conventional video captioning, both methods leveraged a
pre-trained CNN to extract video features, a pre-trained or
trainable word embedding model to represent subtitle infor-
mation, and a standard Transformer to encode and decoder the
omni-representation of both video and subtitle. However, Lei
et al. [7] and Li et al [9] mainly projected different modalities
into the same dimensional space and then concatenated them
into an omni-representation. In their approaches, the intra-
relation in each modality and inter-relations in cross-modalities
are ignored or insufficiently modeled. Therefore, the informa-
tion of each modality cannot be fully mined, and the semantic
gap among different modalities still exists. In contrast, to better
address the TVC, this paper focuses on mining the intra-
relation in each input modality and inter-relations in between
when fusing different modalities.

C. Multi-Modal Fusion
The main challenge in video captioning is how to fuse

different kinds of modalities effectively. Therefore, multi-

modal fusion strategies are gaining popularity for video cap-
tioning. On one hand, early works [11], [12] focused on the
fusion of visual modalities. Specifically, Zhang et al. [11]
presented a task-driven dynamic fusion method that learns
to utilize specific task status to dynamically choose differ-
ent kinds of visual modalities (i.e., appearance, motion and
their combination). Wang et al. [12] devised a cross gating
strategy to capture the inter-relation between the appearance
and motion modalities. On the other hand, previous works
[31], [32], [33], [34] explored to fuse both visual and audio
modalities. Concretely, Hori et al. [31] and Rahman et al. [34]
both presented an attention-based multi-modal fusion model to
integrate both audio and video information. Wang et al. [33]
proposed a hierarchical encoder-decoder to fuse both global
and local contexts of each modality. Hao et al. [32] devised
three kinds of multi-modal fusion approaches to fuse both
visual and audio modalities. Compared to the aforementioned
methods, there are two apparent differences in our work. First,
we focus on the multi-modal fusion based on the video and
subtitle, i.e., appearance, motion and text modalities. Second,
the aforementioned methods mainly built inter-relations in
cross modalities, while not fully exploring the intra-relations
in each modality. By comparison, we aim to model the both
relations in the fusion of video and subtitle.

D. Captioning with Graph Neural Networks

Recently, graph neural networks (GNNs) have been intro-
duced in image or video captioning tasks and shown effective-
ness for capturing relations between different nodes. For image
captioning, Wang et al. [35] exploited GNNs to implicitly
build relations between object nodes in an image. Yao et
al. [36] first constructed graphs between the object nodes in
an image based on their spatial and semantic connections.
Then, they exploited graph convolutional networks (GCNs)
to refine each node representation. For the purely video-based
captioning task, Zhang et al. [37] and Pan et al. [38] proposed
similar methods of building an object relational graph to learn
their spatial and temporal relations, and then using GCNs to
update the graph representations. Different from their works
only building graph structure in a single modality, in this paper,
we mainly focus on how to extend GNNs to learn semantic
relations in each modality of video and subtitle for TV show
captioning.

III. METHODOLOGY

In this section, we introduce the proposed intra- and inter-
relation embedding Transformer (I2Transformer). Its highlight
is to learn the intra-relation in each modality and inter-relations
in cross modalities when fusing them, as shown in Fig. 2. We
begin with an introduction to the multi-modal representation
of video and subtitle. Then we elaborate the intra-relation em-
bedding block and the inter-relation embedding block. Finally,
we describe the caption generation based on the Transformer.

A. Multi-modal representation

In our work, a given video is represented by appearance
and motion modality, respectively. Specifically, a video is
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Fig. 2. The architecture of our intra- and inter-relation embedding Transformer (I2Transformer). It consists of an intra-relation embedding block, an inter-
relation embedding block and Transformer. “Cat” refers to the concatenation operation. More details about inter-relation embedding block and the Transformer
are shown in Fig. 3 and Fig. 4, respectively.

first uniformly sampled as k frames F = {f1, ..., fk}. Then,
a pre-trained 2-D CNN is utilized to extract appearance
features one by one from k frames, which are denoted as
A = {a1, a2, ..., ak} where each ai ∈ Rda. Next, we exploit 3-
D CNN to extract each motion feature from a short-range con-
secutive frames. We denote them as M = {m1,m2, ...,mk}
where each mj ∈ Rdm. Please note that in a video, the number
of motion features is shorter than appearance features, we pad
zeros in the shortage part to keep the same length as appear-
ance features. In terms of subtitles S = {s1, ..., sk′} , they are
represented by the word embedding features (text modality)
with a trainable word embedding matrix E. We denote them
as E[S] = {E[s1], ..., E[sk′ ]} where each E[sv] ∈ Rds.

For convenient computation and fair comparison, we follow
the pioneer work [7] to set three kinds of features as the same
length K = k + k′. For appearance and motion features, the
shortage part is padded with zeros, respectively. For word
features, the shortage part is padded with the embedding
features of a special token “VID”.

B. Intra- and Inter-relation Embedding

As illustrated in Fig. 2, the intra-relation embedding block
(IAE) first leverages three learnable fully-connected graphs to
build the intra-relation in appearance, motion and text modal-
ity, respectively. Then, the inter-relation embedding block
(IEE) exploits cross attention gates to learn inter-relations
among the modalities and select useful information from each
modality to generate an omni-representation, which is able
to make each modality build the inter-relation with other
modalities and embed cross-modal information as supplement
during multi-modal semantic interactions.

1) Intra-relation Embedding (IAE):
Appearance Graph. In order to model the semantic relations
in the appearance modality, we construct an appearance graph
for a set of appearance features and then use it to update
them. Specifically, given K appearance features, each feature
is regarded as a node. Let A ∈ RK×da denote K appearance
nodes with da dimensional feature. We denote Q̂ ∈ RK×K

as the relation coefficient matrix among K nodes, which is
defined as follows:

Q = ϕ(A) · ϕ(A)⊤, (1)

ϕ(A) = ReLU(AWa + ba), (2)

where Wa ∈ Rda×d and ba ∈ Rd are the transformation
matrices and bias terms. Then, Q is normalized to make the
sum of edges, connecting to the same node, equal to 1:

Q̂ = softmax(Q,dim = 1), (3)

where softmax(, dim=1) denotes performing softmax at the
second dimension of the input. Q̂ represents how much in-
formation each appearance node obtains from the surrounding
nodes.

Afterward, we utilize the GCN to perform relation reason-
ing, so the original appearance features A are updated to Â:

Â = ReLU
[(
ϕ(A) + Q̂ · ϕ(A)

)
Wa′ + ba′

]
, (4)

where Wa′ ∈ Rd×d and ba′ ∈ Rd are the parameters to be
learned.

Motion Graph. A motion graph is devised to model
the intra-relation in motion modality. Specifically, given K
motion features, each feature is considered as a node. Let
M ∈ RK×dm denote K motion nodes with dm dimensional
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Fig. 3. The details of the proposed inter-relation embedding block. We illustrate how to learn a motion attention gate from all the independent modalities.
The appearance and text attention gates are learned with the similar operation but with different parameters.

feature and P̂ ∈ RK×K denotes the relation coefficient matrix
among K nodes. P̂ is defined as follows:

P = φ(M) · φ(M)⊤, (5)

φ(M) = ReLU(MWm + bm), (6)

where Wm ∈ Rdm×d and bm ∈ Rd are the transformation
matrices and bias terms. Then, P is normalized via the softmax
function:

P̂ = softmax(P,dim = 1). (7)

Afterward, we utilize the GCN to perform relation reason-
ing, so the original motion features M are updated to M̂ :

M̂ = ReLU
[(
φ(M) + P̂ · φ(M)

)
Wm′ + bm′

]
, (8)

where Wm′ ∈ Rd×d and bm′ ∈ Rd are the parameters to be
learned.

Text Graph. The associated subtitle of each video can
convey the actors’ sentiments and intentions so as to help the
model generate the high-level linguistic sentence. However,
the effective use of subtitle is very challenging, because it
is the pieces of scrappy information. In practice, two words
in a sentence usually have certain relations and each word
can be induced from all the other words [39], [10]. Thus, we
customize a text graph to learn the intra-relations among subti-
tle words. Specifically, given K word embedding features, we
consider each of them to be a node. Let E[S] ∈ RK×ds denote
K word nodes with ds dimensional feature and N̂ ∈ RK×K

denotes the relation coefficient matrix among K nodes. N̂ is
defined as follows:

N = ψ(E[S]) · ψ(E[S])⊤, (9)

ψ(E[S]) = ReLU(E[S]Ws + bs), (10)

where Ws ∈ Rds×d and bs ∈ Rd are the transformation
matrices and bias terms. Then, N is normalized by the softmax
function:

N̂ = softmax(N,dim = 1). (11)

Next, the GCN is leveraged to perform relation reasoning,
so the original word features E[S] are updated to E[Ŝ]:

E[Ŝ] = ReLU
[(
ψ(E[S]) + N̂ · ψ(E[S])

)
Ws′ + bs′

]
,

(12)
Ws′ ∈ Rd×d and bs′ ∈ Rd are the parameters to be learned.

2) Inter-relation Embedding (IEE): In this block, an ap-
pearance, a motion and a text attention gate, i.e., α, β, and γ
are designed to determine the relevance of different modalities,
as shown in Fig. 3. To be more specific, each attention gate
is derived from all the independent modalities via the similar
non-linear transformation but with different parameters, which
is computed respectively as:

α = σ
(
ÂWa1 + M̂Wm1 + E[Ŝ]Wt1 + b1

)
,

β = σ
(
ÂWa2 + M̂Wm2 + E[Ŝ]Wt2 + b2

)
,

γ = σ
(
ÂWa3 + M̂Wm3 + E[Ŝ]Wt3 + b3

)
,

(13)

where σ is the sigmoid activation function. W∗ ∈ Rd×d and
b∗ ∈ Rd are the parameters to be learned. The values of
each attention gate indicate the relevance of this modality with
respect to other modalities. Then, the related representations
Ã, M̃ , and E[S̃] are yielded via applying each attention gate to
the independent modality Â, M̂ , and E[Ŝ] using element-wise
multiplication, respectively:

Ã = α ⊙ Â, M̃ = β ⊙ M̂, E[S̃] = γ ⊙ E[Ŝ]. (14)

Through this manner, each modality is encouraged to build
the inter-relation with other modalities and embed cross-
modal information as supplement during multi-modal semantic
interactions.
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After inter-relations in cross-modalities are built, we
fuse three kinds of related representations into the omni-
representation by a fully connected layer:

X =
[
Ã, M̃ , E[S̃]

]
Wc1 + bc1, (15)

where [,] denotes the concatenation operation. Wc1 ∈ R3d×d

and bc1 ∈ Rd are parameters to be learned.

C. Transformer-based Caption Generation
Our encoder and decoder are based on the vanilla trans-

former [8]. We first briefly review this framework which is
shown in Fig. 4. The core of it is the scaled dot-product
attention. Concretely, given a query matrix Q ∈ RTq×dk ,
key matrix K ∈ RTv×dk and value matrix V ∈ RTv×dv , the
attention result is computed as:

Attention (Q,K, V ) = softmax

(
QK⊤
√
dk

,dim = 1

)
V. (16)

The multi-head attention is built upon the scaled dot-product
attention. It consists of h different “heads”, where each head
is independent and computed in parallel. For each head, the
attention result is

head i = Attention
(
QWQ

i ,KW
K
i , V WV

i

)
. (17)

Afterward, the multi-head attention operation is to concatenate
all the heads, which is defined as:

MultiHead (Q,K, V ) = Concat i=1...h ( head i)W
O.

(18)
This attention mechanism can be used for two kinds of pur-
poses, such as self-attention where query, key, and value matrix
are all the same, and cross-attention where the query matrix
is different from the key and value matrix. In our method,
we also use multi-head attention to update the learned omni-
representation, as discussed later. Furthermore, the output of
each attention layer x is fed into a feed-forward layer (FFN)
which utilizes a non-linear transformation:

FFN(x) = GELU (xWf1 + bf1)Wf2 + bf2 (19)

1) Encoding Stage: In this stage, we employ the multi-head
self-attention and LayerNorm (LN) [40] operations to encode
the omni-representation X obtained from the IAE and IEE.
Besides, residual connections are [41] also used to help avoid
the vanishing gradient problem during the training phase. In
the self-attention layer, the query, key and value matrix are all
the X and we update X with X̂ by:

X̂ = LN (X + MultiHead (X,X,X)). (20)

Then, the X̂ is inputed to the feed-forward layer:

X̃ = LN((X̂ + FFN(X̂)). (21)

In our method, following [7], [9], the encoder consists of a
stack of N identical layers. At the l-th encoder layer, the
multi-head attention mechanism takes the output of the last
layer as inputs and performs self-attention to model the intra-
relation in the omni-representation. The output of the attention
layer is then projected by a feed-forward layer. After the above
operations, the intra-relation of this fused representation X̃ is
further enhanced.

Multi-Head

Attention

Add & Norm

Input

Embedding

Feed Forward

Add & Norm

Omni-representation Inputs

Positional 

Encoding

Masked

Multi-Head

Attention

Output

Embedding

Multi-Head

Attention

Outputs (shifted right)

Positional 

Encoding

Feed Forward

Linear

Softmax

Add & Norm

Add & Norm

Add & Norm

×N×N

Fig. 4. The architecture of the used Transformer. The input is the learned
omni-representation of both video and subtitle, and the output is the high-level
linguistic sentence.

2) Decoding Stage: Our decoder also consists of a stack of
N identical layers. At the l-th decoder layer, the masked self-
attention layer, which is used to prevent the model from seeing
future words, first takes the caption word embedding features
E[W ] = {E[w1], ..., E[wm]} as the inputs and projected them
into query, key, and value matrix. The operation of this layer
is defined as:

E[Ŵ ] = LN (E[W ] + MultiHead (E[W ], E[W ], E[W ])).
(22)

Then, in the cross-attention layer, the query matrix is the
E[Ŵ ], and the key and value matrix are the output of the last
encoder layer, i.e., X̃ . The attention operation is defined as:

Ĥ = LN (E[Ŵ ] + MultiHead (E[Ŵ ], X̃, X̃)). (23)

Afterward, the Ĥ is passed to a feed-forward layer:

H̃ = LN((Ĥ + FFN(Ĥ)). (24)

Finally, The probability distribution of target words will be
calculated via a single hidden layer:

W̃ = softmax(GELU
(
H̃Wp + bp

)
Wq + bq) (25)

IV. EXPERIMENTS

A. Datasets

TV show Captioning Dataset (TVC). TVC [7] has 21,793
video clips from 6 long-running TV shows. Each video in
the training set is paired with a subtitle and two ground truth
captions, while each video in the validation and test sets is
paired with a subtitle and four ground truth captions. We use
the official split with 17,435 videos for training, 2,179 for
validation and 1,089 for testing.

TV show Retrieval Dataset (TVR). TVR [7] is the first
task for using video+subtile to perform text-based video-
moment retrieval. Given a query sentence, the model is need
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TABLE I
PERFORMANCE COMPARISON WITH THE STATE-OF-THE-ART METHODS ON THE TVC VALIDATION AND ONLINE TEST-PUBLIC SET. ALL THE

METHODS UTILIZE BOTH VIDEOS AND SUBTITLES. R, I, SF, SUB ARE SHORT FOR RESNET-152, I3D, SLOWFAST, AND SUBTITLE. B-4, M, R,
C ARE SHORT FOR BLEU-4, METEOR, ROUGE-L, AND CIDER. THE SYMBOL “-” INDICATES SUCH RESULTS ARE UNREPORTED IN THE

ORIGNAL PAPER.

Method Pre-training Validation Test
B-4 M R C B-4 M R C

HERO (R+SF+Sub) (2020) [9] 7.6M 12.25 17.54 34.10 50.46 12.35 17.64 34.16 49.98
MMT (R+I+Sub) (2020) [7] None 10.53 16.61 32.35 44.39 10.87 16.91 32.81 45.38

HERO (R+SF+Sub) (2020) [9] None 10.75 16.42 32.72 43.62 - - - -
I2Transformer (R+I+Sub) None 11.46 16.83 33.02 47.21 11.73 17.10 33.30 48.07

(Relative Improvements%↑) (6.6%↑) (1.3%↑) (0.9%↑) (6.4%↑) (7.9%↑) (1.1%↑) (1.5%↑) (5.9%↑)

to not only retrieve the most relevant video from the video
corpus, but also localize the relevant moment in the retrieved
video. TVR contains 109K queries from 21.8K videos and is
split into 80% train, 10% validation, and 5% test-public.

Video-guided Machine Translation Dataset (VMT). VMT
[42] is based on VATEX dataset, which contains over 41,250
videos and 825,000 captions in both English and Chinese.
Among the captions, there are over 206,000 English-Chinese
parallel translation pairs. We use the official split with 25,991
videos for training, 3,000 for validation and 6,000 for testing.

B. Evaluation Metrics

For TVC, we use four standard metrics to evaluate the
quality of generated sentences, i.e., BLEU-4 [43], METEOR
[44], ROUGE-L [45] and CIDEr [46]. BLEU-4 is widely uti-
lized for corpus level comparisons over which 4-gram matches
exist. METEOR is able to generate an alignment based on
exact token matching so as to judge the word correlation
between candidate and reference sentences. ROUGE-L utilizes
the measure according to the Longest Common Sub-sequence
(LCS), which is a group of words shared by two sentences
in the same order. CIDEr is recently proposed and especially
designed for the captioning task to capture human judgment
of consensus. We get all the results in this paper according to
the Microsoft COCO evaluation server [47].

For TVR, following [7], [9], we utilize average recall at K
(R@K) over all queries as the metric. The prediction is correct
if: (1) predicted video matches the ground truth; (2) predicted
span has high overlap with the ground truth, where temporal
intersection over union (IoU) is used to measure overlap. For
VMT, following [42], BLEU-4 is used as the metric to evaluate
the quality of translated sentences. All result values in our
tables are reported as percentage (%).

C. Implementation Details

Video Feature Extraction. Appearance features are repre-
sented by 2048D ResNet-152 [41] pre-trained on the Imagenet
dataset [48], and motion features are represented by 1024D
I3D [49] pre-trained on the Kinetics-600 dataset [50]. The
frame number is set as 20, 100, and 32 on TVC, TVR, and
VATEX, respectively.

Words Processing. For the subtitles and ground truth
captions on TVC, the maximum length is set to 30 and 20,
respectively. For the subtitles and query sentences on TVR,
the maximum length is set to 50 and 30, respectively. For the

source and target sentences on VATEX, the maximum length
of them are both set as 40. The size of word embedding
for each word is set to 300 and 512 on TVC and VATEX,
respectively. For TVR, following [7], the words in subtitles
and queries are represented by 768D RoBERTa [51].

Model Setting. The hidden size of overall model is set to
768, 256, and 512 on TVC, TVR, and VATEX, respectively.
The layers of graphs and attention gates are set to 2. In
the Transformer, for fair comparison, following the previous
work [7], we set the layers of both encoder and decoder to 2,
and the number of attention heads to 12.

Model Training. (1) TVC: In the training phase, we set
the mini-batch size as 128 and the learning rate is set to 1 ×
10−4. Moreover, we set dropout regularization in the rate of
0.1 and implement element-wise gradients clipping at 1. The
maximum training iteration is set as 50 epochs. We use Adam
optimizer [52] to minimize the negative log-likelihood loss:

L(θ) = −
m∑
t=1

logp(wt|w<t, A,M,E[S], θ), (26)

where θ are the parameters of a video captioning model and m
is the length of a caption. Especially, CIDEr [46] is designed
for captioning task, so the highest score of CIDEr on the
validation set is used as a metric to choose the best model
for testing. For inference, greedy decoding strategy is used to
generate target captions.

(2) TVR and VMT: On both TVR and VMT, the mini-batch
size is set to 128 and 512. The learning rate is set to 1 × 10−4

and 1 × 10−3. Adam is also used as the optimizer.
For three datasets, we train the model with PyTorch [53] on

an RTX 2080 Ti GPU. GPU memory cost is about 9GB on
TVC, 6GB on TVR, and 10GB on VATEX. The training time
is around 7 hours on three datasets.

D. The performance comparison on TVC

1) Comparing with state-of-the-art Methods: In this
dataset, we compare the proposed I2Transformer with two
state-of-the-art methods, MMT [7] and HERO [9], on both
validation and test-public sets. The experimental results are
shown in Table I.

Compared to MMT, when using the same features, we can
observe that I2Transformer outperforms MMT on both split
sets in terms of all metrics, in particular with increases of 8.8%
and 7.9% on BLEU-4, as well as 6.4% and 5.9% on CIDEr.
This benefits from that intra-relations and inter-relation are
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embedded into all modalities during multi-modal semantics
interactions. Hence, the learned omni-representation is able to
not only summarize the useful information from each modality,
but also make each modality as supplementary information for
other modalities. For HERO, without pre-training, it achieves
performance comparable to MMT, but inferior to ours in
terms all metrics on validation set. When using additional
7.6M multi-modal samples for pre-training (requiring about 3
weeks with 16 Nvidia V100 GPUs), HERO does only slightly
better than our model. The comparative results show the
effectiveness of our method. Besides, I2Transformer achieves
similar performance on the validation and test sets, which
show its good generalization ability.

2) The Performance with Different Input Modality: On the
online test-public set of TV show dataset, we evaluate our
proposed I2Transformer with different input modalities.

TABLE II
PERFORMANCE COMPARISON ON THE TVC ONLINE

TEST-PUBLIC SET, WITH DIFFERENT INPUT MODALITY, WHERE
A, M, T DENOTE THE APPEARANCE, MOTION, AND TEXT

MODALITY, RESPECTIVELY.

Method B-4 M R C
MMT (T) 6.33 13.92 27.73 33.76

I2Transformer (T) 6.69 14.28 28.23 34.57
MMT (A+M) 9.98 15.23 30.44 36.07

I2Transformer (A+M) 10.15 15.55 31.13 36.09
MMT (A+M+T) 10.87 16.91 32.81 45.38

I2Transformer (A+M+T) 11.73 17.10 33.30 48.07

The experimental results are shown in Table II. We can
observe that the I2Transformer with different modalities all
achieved significant improvements over the MMT. In the
MMT, the input of the transformer is computed by linear
transformation and concatenation, which neglects the intra-
relation in each modality and inter-relations in cross modal-
ities. For instance, appearance features (A) can represent
entities and motion features (M) can represent actions. If
directly concatenating them, the semantic interactions between
entities and actions will be ignored. Instead, our method can
respectively build semantic relations in videos and subtitles,
as well as semantic interactions in between. Therefore, the
learned omni-representation is capable of clearly representing
the entities and actions in videos, as well as intentions and
sentimental information in subtitles. Besides, as we discussed
above, the information of subtitle (T) is helpful, but how to
fuse it with two kinds of video modalities is a big challenge
in this task. We can observe that although the improve-
ment of I2Transformer (A+M) is not much better than the
MMT (A+M), the improvement is significant when inputs are
A+M+T. This indicates that the proposed method can learn
an intra- and inter-relation embedded omni-representation for
video and subtitle, which is the main contribution of this paper.

E. Ablation Studies

In this section, we make ablation analyses for coupling the
proposed IAE, IEE and their combination with the transformer.
For convenience, we denote them as IAE-Trans, IEE-Trans,
and I2Transformer, respectively. Please note that since the

ground truth captions are not provided in the test-public set,
all the ablation studies are conducted based on the validation
set and in this set, the results of compared MMT [7] are
reproduced via their released code 1.

1) The Evaluation of the Intra-relation Embedding Trans-
former: In order to validate the effectiveness of the proposed
IAE-Trans, we conduct the two kinds of experiments based
on the number of input modality: (1) single modality; (2)
multi-modalities. For the former, we utilize single appearance,
motion, and text modality to generate target captions, respec-
tively. For the latter, we utilize multiple kinds of modalities to
generate target captions. The compared MMT [7] only uses
linear transformation to process each single modality, and
multiple modalities are fused by concatenation.

TABLE III
ABLATION ANALYSIS OF THE INTRA-RELATION

EMBEDDING TRANSFORMER (IAE-TRANS) ON THE TVC
VALIDATION SET, WHERE A, M, T DENOTE APPEARANCE,

MOTION AND TEXT MODALITY, RESPECTIVELY.

Method B-4 M R C
MMT (A) 8.66 14.78 29.32 33.44

IAE-Trans (A) 9.03 14.75 29.63 33.58
MMT (M) 9.05 14.46 29.35 31.86

IAE-Trans (M) 9.48 14.69 29.77 32.25
MMT (T) 5.98 13.76 27.46 33.18

IAE-Trans (T) 6.37 14.02 27.88 33.74
MMT (A+M) 9.75 15.21 30.42 36.16

IAE-Trans (A+M) 10.07 15.58 30.86 36.82
MMT (A+T) 9.59 16.23 31.51 42.71

IAE-Trans (A+T) 10.32 16.49 32.20 44.31
MMT (M+T) 10.55 16.37 32.10 43.92

IAE-Trans (M+T) 10.56 16.38 32.20 44.70
MMT (A+M+T) 10.52 16.46 32.19 44.60

IAE-Trans (A+M+T) 11.16 16.83 33.02 46.33

The experimental results are shown in Table III. We can
observe that for both single and multi-modal inputs, aug-
menting the Transformer with the IAE achieves significant
improvements, which indicates that the IAE indeed has the
ability of capturing the intra-relation about each modality.
Please note that to keep the same length of three kinds of
features, we pad zeros in the shortage part of video and special
tokens “VID” in the shortage part of subtitle. There is no
doubt that the padding parts in the both video and subtitle
features would be the noise for the feature representation. We
can find that when using the same input modality with the
same padding strategy, equipping the standard Transformer
with the proposed IAE significantly outperforms the MMT,
which validates the IAE can learn useful information from
each modality and overcome the influence of the irrelevant
padding parts by measuring the relevance of feature infor-
mation within the same modality. Moreover, we have some
interesting observations, that is, 1) captioning models with
appearance or motion modality perform better than those using
text modality on the most metrics; 2) using both video and
subtitle information is much better than only using video
information. These observations indicate that 1) appearance
and motion modalities can represent explicit information such
as objects and actions, while text modality is able to convey

1https://github.com/jayleicn/TVCaption
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implicit information such as actors’ intentions and sentiments;
2) subtitle information is an essential part to improve the
cognition-level of the captioning model and beneficial for
generating high-quality captions.

TABLE IV
ABLATION ANALYSIS OF THE INTER-RELATION

EMBEDDING TRANSFORMER (IEE-TRANS) ON THE TVC
VALIDATION SET.

Method B-4 M R C
MMT (A+M) 9.75 15.21 30.42 36.16

IEE-Trans (A+M) 10.10 15.45 30.88 36.45
MMT (A+T) 9.59 16.23 31.51 42.71

IEE-Trans (A+T) 10.01 16.33 31.74 43.04
MMT (M+T) 10.55 16.37 32.10 43.92

IEE-Trans (M+T) 10.52 16.47 32.10 44.76
MMT (A+M+T) 10.52 16.46 32.19 44.60

IEE-Trans (A+M+T) 10.89 16.78 32.77 45.85

2) The Evaluation of the Inter-relation Embedding Trans-
former: In order to validate the effectiveness of the proposed
IEE, first, similar to previous work [7], we use linear transfor-
mation to process each modality. Second, instead of directly
fusing multiple kinds of modalities via simple concatenation,
we first leverage the IEE to model inter-relations in cross
modalities and then fuse three related modalities via concate-
nation.

The experimental results are shown in Table IV. We can
observe that 1) the IEE-Trans outperforms the MMT; 2) the
improvement achieved by the IEE-Trans is lower than that of
the IAE-Trans. The above observations indicate that 1) it is
significant to model inter-relations in cross modalities, because
the representation of each modality can be augmented by the
cross-modal information during the relations learning process
[54], [55]; 2) intra-modal relation should be built first, because
only if the information of each modality is fully exploited, can
it be as useful supplementary information during multi-modal
semantic interactions.

3) Evaluation of Intra- and Inter-relation Embedding
Transformer: In this part, we evaluate the performance of the
I2Transformer, which first utilizes the IAE to build the intra-
relation of each modality and then leverages the IEE to build
the inter-relations in cross modalities.

TABLE V
ABLATION ANALYSIS OF THE INTRA- AND INTER-RELATION

EMBEDDING TRANSFORMER (I2TRANSFORMER) ON THE TVC
VALIDATION SET.

Method B-4 M R C
MMT (A+M) 9.75 15.21 30.42 36.16

I2Transformer (A+M) 10.10 15.57 31.10 36.85
MMT (A+T) 9.59 16.23 31.51 42.71

I2Transformer (A+T) 10.46 16.46 32.13 44.40
MMT (M+T) 10.55 16.37 32.10 43.92

I2Transformer (M+T) 11.03 16.49 32.40 44.62
MMT (A+M+T) 10.52 16.46 32.19 44.60

I2Transformer (A+M+T) 11.46 16.83 33.02 47.21

The experimental results are shown in Table V. We can
observe that when building the relations of each modality
and cross modalities simultaneously, the best performances
are achieved. Furthermore, comparing Table II with Table V,
we can observe that when using all the appearance, motion

and text modalities, the I2Transformer achieves similar per-
formances on the validation and test sets. This proves that our
method has good generalization ability, which benefits from
the intra- and inter-relation embedding omni-representation.

4) Learning Curves: In order to obtain a more intuitive
view of each component and the full model capacity, the
learning curves of the CIDEr scores on the validation set
are shown in Fig. 5. Four model performances are pre-
sented: MMT, IAE-Trans, IEE-Trans, and I2Transformer. All
of the models are trained with the same input modalities,
i.e., appearance, motion, and text. We can observe that the
I2Transformer performs better consistently than the others and
achieves the best CIEDr score. The learning curves validate
the effectiveness of learning intra-relation in each modality
and inter-relation among different modalities when modeling
the omni-representation of both video and subtitle.
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Fig. 5. Learning curves of the CIDEr scores on the validation set of TVC.

F. Performance comparison on TVR

In order to validate the generalization ability of the proposed
IAE and IEE, we evaluate them on TVR, which is a relevant
multi-channel videos (video+subtitle) task. We will give more
details about how we apply the proposed IAE and IEE to
perform TV show retrieval. For video and subtitle, we first use
proposed IAE to learn the intra-relation in appearance, motion,
and text modality, respectively. Then, the IEE is performed
to learn the inter-relations among three modalities, and select
the related information from each modality. Finally, we obtain
the subtitle representation Hs ∈ Rls×ds , and concatenate
appearance with motion modalities to form the video repre-
sentation Hv ∈ Rlv×dv . For queries in TVR, we first use IAE
to learn semantic relations between words for summarizing
its main content, which is denoted as Hq ∈ Rlq×dq and
Hq = {hq

r }
lq
r=1. Then, since a query can be relevant to either

the video or its paired subtitle, following [7], the query is
decomposed into two vectors:

amr =
exp

(
wT

mhq
r

)∑lq
k=1 exp (w

T
mhq

k)
,qm =

lq∑
r=1

amr hq
r . (27)

Here, m can indicate either video (v) or subtitle (s). wm ∈ Rdq

and qm ∈ Rdq .
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TABLE VI
PERFORMANCE COMPARISON WITH STATE-OF-THE-ART METHODS ON THE TVR VALIDATION AND ONLINE TEST-PUBLIC SET. ALL THE
METHODS UTILIZE BOTH VIDEOS AND SUBTITLES. R, I, SF, SUB ARE SHORT FOR RESNET-152, I3D, SLOWFAST, AND SUBTITLE. THE

SYMBOL “-” INDICATES SUCH RESULTS ARE UNREPORTED IN THE ORIGINAL PAPER.

Method Pre-training Validation Test
R@1 R@5 R@10 R@100 R@1 R@5 R@10 R@100

HERO (R+SF+Sub) (2020) [9] 7.6M 5.13 - 16.26 24.55 6.21 - 19.34 36.66
XML (R+I+Sub) (2020) [7] None 2.62 6.39 9.05 22.47 3.32 9.46 13.41 30.52

HERO (R+SF+Sub) (2020) [9] None 2.98 - 10.65 18.42 - - - -
I2Transformer (R+I+Sub) None 3.04 7.25 9.84 24.34 3.53 9.86 13.94 31.00

(Relative Improvements%↑) (2.0%↑) (13.5%↑) (7.6%↓) (8.3%↑) (6.3%↑) (4.2%↑) (4.0%↑) (1.6%↑)

After obtained Hq , Hv , and Hs, we exploit a convolutional
start-end detector with two 1D convolution filters [7] to
compute the start (st) and end (ed) probabilities in a video
moment:

Sst = Conv 1Dst (Squery-clip ) , Sed = Conv1Ded (Squery-clip ) ,
(28)

where Squery-clip ∈ Rl is the query-based matching scores and
it is computed by:

Squery-clip =
1

2
(Hv

1q
v +Hs

1q
s) . (29)

The experimental results are shown in Table VI. Please note
that, we follow the XML [7] (ECCV 2020, the pioneer work
for TV show Retrieval) and use the same setting (without
NMS, an extra trick to remove the highly overlapped but
with lower score predictions) to report the results on both
validation and test-public sets. In HERO [9], NMS is used in
the inference phase of validation set to report the results. From
Table VI, we can find that, compare to the state-of-the-art work
XML, our method outperforms it on both splits on all metrics.
Especially, I2Transformer yields improvements of 16.0% and
6.3% on R@1, as well as 13.5% and 4.2% on R@5. Compared
to the HERO, when training is implemented without additional
multi-modal data for pre-training, our method surpasses it on
most metrics. When using additional 7.6M multi-modal sam-
ples for pre-training, HERO achieves the performance superior
to ours. However, as reported in [9], this requires expensive
7.6M multi-modal data for pre-training and takes about 3
weeks with 16 Nvidia V100 GPUs. Hence, when both methods
are trained without multi-modal samples, the I2Transformer is
more competitive. Experimental results validate that learning
both intra- and inter-relations is also important in this task,
because each modality not only can be sufficiently exploited,
but also can embed cross-modal information as supplement
during multi-modal semantic interactions.

G. Performance comparison on VMT

We also apply the IAE and IEE to the video-guided machine
translation (VMT) task on VATEX dataset, where this task
aims to translate an English sentence under the guidance of
the video into a Chinese sentence. Hence, similar to TVC,
the translation model also requires understanding not only the
contents of video and source sentence, but also the relations
in between. Since VMT is also a language generation task,
the IAE and IEE can be easily applied by replacing the
subtitle input in Fig. 2 with English captions. Besides, since

TABLE VII
EVALUATION OF THE IAE AND IEE ON VMT, WHERE M
DENOTES THE MOTION MODALITY REPRESENTED BY I3D
AND T INDICATES TEXT MODALITY OF SOURCE ENGLISH

SENTENCE.

Method BLEU-4
VMT-LSTM w/o attention (M+T) (2019)[42] 27.43
VMT-LSTM w/ attention (M+T) (2019) [42] 29.12

I2LSTM w/o attention (M+T) 32.11
I2LSTM w/ attention (M+T) 32.46

I2Transformer (M+T) 32.66

the previous method in VMT [42] used the LSTM as the
encoder and decoder, for fair comparison, we also couple the
IAE and IEE with the LSTM to conduct experiments, and the
hidden size of LSTM is set to 512. Furthermore, when using
the LSTM, similar to VMT, we also equip the decoder with
(w/) or without (w/o) temporal attention.

The experimental results are shown in Table VII. There are
the following observations, that is, 1) the performance achieves
the best when coupling both IAE and IEE with the trans-
former; 2) with or without temporal attention, our methods
all obtain the significant improvements over the VMT; 3) the
performances are close in our LSTM-based methods. These
indicate that 1) compared to the LSTM, the transformer is
more powerful for the language generation task [38], [27]; 2)
both IAE and IEE are still able to capture the intra- and inter-
relations in multiple modalities in this task and suitable for
different encoder-decoder frameworks; 3) when capturing the
intra-relation in a video, the IAE can mine the underlying
temporal relation in a video besides the semantic relation.
Therefore, the IAE can help reduce the dependency for the
temporal attention mechanism and decrease the computation
cost. Besides, the experimental results on TVC, TVR and
VMT show that the proposed IAE and IEE have a good
generalization ability for addressing the tasks of video with
text inputs.

H. Qualitative Analysis

Fig. 6 shows four examples of captions generated by
humans, the MMT [7] and the I2Transformer. For the first
example, we can intuitively observe that the caption generated
by the MMT is logically correct but not in accordance with
the video contents. Our conjecture is that the MMT cannot
capture the intra-relation in the subtitle and thus neglects
the clue “dropping” provided by the subtitle. For the second
example, we can observe that the generated captions by the
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Ground Truth: Ross tells Rachel how long he has been catching a ball.

Ross: Hey, Rach. 

Check it out. Almost 

three hours without 

dropping it.

MMT: Rachel walks into the apartment and Ross tells her she 's going to get her new job. 

𝐈𝟐𝐓𝐫𝐚𝐧𝐬𝐟𝐨𝐫𝐦𝐞𝐫: Rachel walks into the apartment and Ross is holding a ball.

Ground Truth: Cole asks House to be quiet, but House keeps talking so Cole hits him.

House: Because they 

took mushrooms?" 

Cole: Just shut up 

already.

MMT: Cole tells Cole that he has a patient and Cole tells him to be quiet and Cole tells.

𝐈𝟐𝐓𝐫𝐚𝐧𝐬𝐟𝐨𝐫𝐦𝐞𝐫: Cole and House are having a conversation with each other .

Ground Truth: Joey closes the magazine, throws it down and comments about being sleepy.

Joey: I have to stay 

up all night before I 

go to the stupid 

clinic. I’m so tired.

MMT: Joey tells chandler he has to stay with him and he tells him he has to stay. 

𝐈𝟐𝐓𝐫𝐚𝐧𝐬𝐟𝐨𝐫𝐦𝐞𝐫: Joey is sitting on the couch with a magazine in his lap .

Ground Truth: Howard is talking about the napkin holder with Penny. 

Penny : You're using 

that thing as a napkin 

holder?

Howard : You kidding?

MMT: Howard is holding a DVD case as he speaks to Penny.

𝐈𝟐𝐓𝐫𝐚𝐧𝐬𝐟𝐨𝐫𝐦𝐞𝐫: Howard is talking to penny about a napkin and Raj says he 's going to do something.

Fig. 6. Four examples from the validation set of TVC, which involve captions generated by humans, the state-of-the-art MMT and our I2Transformer. The
words in green and red color respectively denote correct and incorrect words with respect to the ground truth words.

MMT has described the main contents of both video and
subtitle, but it is logically incorrect. Our conjecture is that
the MMT cannot fully exploit the inter-relations in cross
modalities and thus generates this confused caption. For the
third example, we can observe that the paired subtitle is very
abstract and cannot directly correspond to the video content.
In this case, the captioning model should use more video
information. However, the MMT cannot dynamically select
useful information from each modality, so it generates a totally
wrong sentences. For the last example, the detail “napkin” is
difficult to represent by either appearance or motion modality,
but it appears in the actors’ dialogue. However, it is surrounded
by a set of scrappy information. If the captioning model is
unable to reorganize the subtitle information, this key clue
will be ignored, as shown in generated sentence by the MMT.
By contrast, the captions generated by the I2Transformer are
not only logically correct, but also can capture the main
information conveyed by the video and subtitle. This benefits
from the intra- and inter-relations are embedded into the omni-
representation of video and subtitle. Hence, this representation
can convey the explicit information (e.g. actions) in the video
and implicit information (e.g. intentions) in the subtitle.
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Fig. 7. The visualization of attention distributions for caption words with
respect to video frames and subtitle words. “VID” denotes video frames.

In Fig. 7, we select the second example of Fig. 6 to
visualize its attention distributions for generated words with
regard to video frames and subtitle words. The caption is
generated by the I2Transformer. From Fig. 7, we can observe
that, on one hand, when generating the words reflecting the
actions or relations of actors (“having”, “and” “with”), the
captioning model will pay more attention to video frames.
On the other hand, when generating other words such as the
abstract noun (“conversation”) and names of person (“House”,

Authorized licensed use limited to: Kunming Univ of Science and Tech. Downloaded on April 23,2022 at 08:37:02 UTC from IEEE Xplore.  Restrictions apply. 



1057-7149 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TIP.2022.3159472, IEEE
Transactions on Image Processing

12

“Cole”), the captioning model focuses more on subtitle words.
The visualization result shows that our method not only
accurately understands the contents of video and subtitle, but
also adaptively exploits each of them to generate target words.
This mainly benefits from that our method can generate a
powerful omni-representation for both video and subtitle, and
thus clearly represent entitles, actions and intentions conveyed
by them.

V. CONCLUSION

In this paper, we propose an intra- and inter-relation em-
bedding Transformer (I2Transformer) for TV show caption
generation. To derive an omni-representation for both video
and subtitle, the model first utilizes the intra-relation embed-
ding block (IAE) to model the relation in appearance, motion,
and text modalities, respectively. Then, it leverages the inter-
realtion embedding block (IEE) to learn the mutual relations
in cross modalities. Through this network, each modality not
only can be fully exploited, but also can be augmented with
cross-modal information during the multi-modal semantic in-
teractions. Finally, the learned omni-representation is fed into
the Transformer for caption generation. Extensive experiments
with different input modalities on TVC dataset show that
the I2Transformer achieves the state-of-the-art performance.
Besides, in order to validate the generalization ability of the
proposed IAE and IEE, we additionally conduct experiments
on TV show retrieval and video-guided machine translation
which are two tasks of video with text inputs. The encouraging
performances are also achieved on both datasets, which vali-
date that our proposed IAE and IEE have a good generalization
ability.

In the future, we will attempt to exploit pre-training strategy
to further boost the performance of the proposed method, and
most importantly, to seek a trade-off between the hardware
requirement and good performance.
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