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Abstract

With the exploding growth of videos, there is an in-
creasing interests for automatic video understanding. Video
Story Question Answering (VSQA) proves to be an effec-
tive way for benchmarking the comprehension ability of
a model. Recent VSQA approaches merely extract visual
features from the whole scene or detected objects in each
frame. However, it is hard to claim a method really under-
stands a video without considering the characters inside.
Additionally, relations and actions acquired by scene pars-
ing are indispensable in the comprehension of video sto-
ries. In this work, we incorporate character-centric scene
parsing to assist the VSQA task. Our reasoning framework
consists of two parts: the first part utilizes question-aware
temporal attention to locate the corresponding frame inter-
vals; the second part involves a cross-attention transformer
for multiple stream fusion. We train and test our VSQA
model on the recently released TVQA dataset, which is the
largest VSQA dataset until now. The experiments show that
all modules in our framework work collaboratively and sig-
nificantly improve the overall performance. Ablation stud-
ies demonstrate that our scene parsing based framework is
efficacious for deeper understanding of video semantics.

1. Introduction

The explosive growth of videos calls for effective tech-
niques to understand the rich visual and language contents
within them. A convincing way to measure how well a
model understands a video is to correctly answer relevant
questions about it. The task of Video Story Question An-
swering usually takes three steps: 1) extract key features
for multimodal contents; 2) fuse multimodal features after
extracting them; 3) utilize the fused features to make right
predictions. For the first step, current state-of-the-art meth-
ods [7, 11, 2, 5] mainly focus on global visual features on
image level. Namely, they treat one or several frames as
input and extract features that represent a holistic under-

Figure 1. A simple illustration of Video Story Question Answer-
ing task: given a video clip with subtitles and a multiple choice
question about the contextual information, the goal is to correctly
predict the right answer.

standing of these frames. Consequently, a general compre-
hension of what happens in the frames is achieved, while
small details are often missed due to the large granularity
of those global features. Such details include individual ob-
jects, their relationships and attributes, and perhaps more
importantly, the identities of people inside the video if hu-
man beings exist. These components are often critical for
answering semantic questions such as “What instrument is
Raj playing when Raj and Howard have their show?” (Ji:
Maybe change the teaser figure to this example), where the
instrument (object) that Raj (human identity) is playing (re-
lationship) is the decisive factor of this video, and global
features usually have very limited power to capture them.
Such limitation motivates the need for a framework that
focuses on visual clues at a finer level and provide richer
knowledge of the images’ scenes for the following steps.
This is the main goal of our work. Furthermore, localizing
the frame interval corresponding to the moment described
by the question is another important ability for VSQA mod-
els. In fact, a input video clip usually contains lots of mo-
ments while only a small proportion of its frames are closely
relevant to answer the question. Taken the same question as
example, if the frames related to “when Raj and Howard
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have their show” are retrieved, the VSQA model can focus
on these frames and get rid of the unrelated noisy frames.

(Ji: Modify this paragraph once the model is deter-
mined.) In this work, we build a VSQA framework with
character-centric scene parsing and Question-Aware Tem-
poral Attention

character-centric relationships and multi-modal attention
flow. We train and test our model on the recently released
large-scale video QA dataset - TVQA !. As Fig. 1 shows,
the dataset offers a large number (21.8K) of video clips. In
each video clip, there are corresponding subtitles and sev-
eral multiple choice questions about the contextual infor-
mation, the goal of our framework is to correctly predict the
right answers of these questions.

The key contributions of the paper can be summarized as
follows:

e We propose to conduct character-centric scene pars-
ing for video story question answering. To the best of
our knowledge, this is the first attempt to leverage for
video story understanding researches.

2. Related Work

Video Story Question Answering. The Read Write
Memory Networks (RWMN) [7] utilizes Compact Bilin-
ear Pooling to fuse individual captions with correspond-
ing frames and store them in memory slots. Multi-layered
CNN s are used to represent adjacent slots in time. The Lay-
ered Memory Network (LMN) [ 1] learns a layered rep-
resentation of movie content, which not only encodes the
correspondence between words and visual content inside
frames but also encodes the temporal alignment between
sentences and frames inside movie clips. The Multimodal
Dual Attention Memory (MDAM) [2] provides the dual at-
tention structure that captures a high-level abstraction of
the full video content by learning the latent variables of the
video input (frames and captions). Late multimodal fusion
is applied to get a joint representation.

Scene Graph Parsing. Scene graph parsing has re-
cently emerged as a task that goes one step further from
object detection towards holistic image semantic under-
standing[VRD, VG, Danfei, Openlmages]. The task is to
first detect any visually related pair of objects and recog-
nize the predicate that describes the relation, then build the
scene graph by taking objects as nodes and their relations as
edges. Most recent approaches achieve this goal by learn-
ing classifiers that predict relations based on different types
of features of the object pairs [blablabla]. It is also demon-
strated in recent works that scene graphs can provide rich
knowledge of image semantics and help boost high-level
tasks such as Image Captioning and Visual Question An-
swering[blablabla]. We are interested in how scene graphs

http://tvga.cs.unc.edu/

can be utilized in videos, which to our best knowledge has
not been explored.

Character Naming. Previous methods usually train
their face assignment model with the whole dataset. How-
ever, it is impossible for people to recognize a character af-
ter watching all episodes. On the contrary, people are able
to recognize the characters just with a short video clip.

Sentence Localization in Videos. TBA

3. The Proposed Method

In this section, we will introduce the data preparation for
subtitles, questions, answers and video frames. Moreover,
we will show the details of our multi-modal cross-attention
flow model.

3.1. Method Overview
TBA

3.2. Data Preprocessing

Tokenization and Vocabulary Building. We first tok-
enize the subtitle sentences, option sentences and correct
answers using Spacy. We then implements a vocabulary
module to store the word ids, word tokens and pad tokens,
with their corresponding embeddings. Besides, we have
also included many methods, such as ids look-up, filter the
less-frequency words etc so as we can interact with vocab-
ularies with flexibility.

Text Embedding. Empirically, 300 dimension word
vectors trained on 840-billion tokens gave us the best
performances on most question answering tasks. There-
fore, We use pre-trained 300 dimension word vectors from
GloVe [8] to embed the words after tokenization. Here we
transfer the word ids to their corresponding embedding vec-
tor after padding to fix size as input for neural network mod-
els. To alleviate out of words(OOV) issues, we have tried
to evaluate different strategies. Currently, we used averaged
character vectors of the people’s name to represent the name
appeared in the context.

Video Feature Extraction. For objects and actor-centric
relations detection, we adopt the state-of-the-art relation-
ship detection approach from [15]. The original model is
pre-trained on Visual Genome [3] dataset. The task of vi-
sual relationship detection consists of object detection and
relationship classifier. It means that we can run an object
detector on the input image to obtain labels, boxes and vi-
sual features for subject and object, then use these as input
features to the relationship classifier which only needs to
output a label. Figure 3 gives a overview of the adopted
relationship detection approach. However, some objects
and relations detection results of original model are not re-
lated to the plots of the TV shows. So we can see that
actor-centric relations is more important for the task of TV

ICCV
#****

162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215


http://tvqa.cs.unc.edu/
http://tvqa.cs.unc.edu/

ICCV
#****

216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269

ICCV 2019 Submission #****. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

show understanding. Hence we only consider the action
classes included in the recently released actor-centric AVA
dataset [1]. We retrain our relation detection model on the
basis of AVA and then use it to extract visual concept fea-
tures which serves as one stream of our final model. Fig-
ure 2 shows some examples of actor-centric relations and
actor-unrelated relations.

g 1L

det (0.293529): det (0.182531):
woman sitting on chair woman holding paper

det (0.334567): det (0.229386):
hand holding pizza plate on
Figure 2. In this work, we focus on actor-centric relations. The
three images with green borderlines are actor-centric relations,
while the right-down image with red borderline is an example of
actor-unrelated relations.

3.3. Character-Centric Scene Parsing
3.3.1 Character Naming with Partially Supervision

TBA

3.3.2 Hierarchical Scene Parsing

TBA

3.4. Question-Aware Temporal Attention

TBA

3.5. Multimodal Temporal Attentional Trans-
former Network

Originated from the research of human visual system,
attention mechanism has been widely adopted in many
tasks, such as image caption generation and machine trans-
lation [10]. The advantage of attention processing is that
it enables selectively focus on salient parts rather than the
whole scene. In textual question answering task, many
models introduce the attention mechanism to better align
the passage and question to get better knowledge of their
relationship between the representations of the question and
document [9, 14, 6, 12].

For our model, after the step of data processing and
video feature extraction, we first encode each input con-
textual stream C' (dialogue, objects, or actor-centric rela-
tion) and the corresponding question-answers pair @), Ay,
Ay, As, As, Ay using depthwise separable convolution lay-
ers. Afterwards, our model enables cross-attention flow to
generate context-aware-question representation M between
question-answers pair and the multi-modal input streams:

MQ :f(ch)a MA; :f(CvAZ) (D

Finally, the intermediate embeddings for different input
streams are added together and be fed into a softmax layer
to make the final selection.

HAi:[C;MQ;MAi;CG)MQ;C@MAi] @)

p= SOftIna,X(HAU D HA1 D HA2 D I{A3 &) HA4)
Figure 4 shows the whole framework of our multi-modal
cross-attention flow model.

4. Experiments

TVQA dataset. The recently released TVQA dataset [4]
is a large-scale video question answering dataset based on
6 popular TV shows. It consists of 152.5K QA pairs from
21.8K video clips, spanning over 460 hours of video. To
encourage questions requiring both visual and language
comprehension to answer, the questions are designed to be
compositional in the format [What/How/ Where/Whyy/...]

[when/before/after] .

More facts about TVQA. (a) 152.5K questions: 84.8K
What, 17.7K Who, 17.8K Where, 15.8K Why, 13.6K How.
The type distribution of question-answer pairs is shown in
Figure ??. (b) 925 episodes from 6 TV shows: 3 sit-
uation comedies (Friends, The Big Bang Theory, How I
Met Your Mother), 2 medical comedies (Grey’s Anatomy,
House M.D.), 1 crime comedy (Castle). (c) Each video clip
is associated with 7 questions and a dialogue (consists of
character names and subtitles).

4.1. Compared Methods
TBA

4.2. Evaluation and Discussion

In the training process, we set batch size to 64. The
learning rate is set to 0.0002 and apply a step learning rate
scheduler with step size 5. To best valuate our models, we
employ answer retrieval accuracy (%) as metrics. Similar
to the evaluation in [13] and other machine reading com-
prehension and dialogue systems, the accuracy of the in an-
swer retrieval analysis is one of the dominant and straight-
forward evaluation strategy. Each question followed with
five answer candidates has one of that considering as the
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Figure 3. Overview of the adopted object and relation detection approach [15].
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Figure 4. Our multi-modal cross-attention flow model.

only ground truth candidates. We will retrieve the most rel-
evant one through our model as our choice.

As shown in Table ??, dial w/ actor names outperforms
dial w/o actor name largely. This means that the actor
names in the dialogue play a key role in contextual infer-
ence and should be maintained. Another vital part would be
relation caption. We follow the method from [ 5] with their
object and relation detection results. By comparing Method
3 (D + O) and Method 4 (D + R), we can conclude that
actor-centric relations embody more information of the plot
than purely object concepts. With relation captions added
to Method 3 (D + O), the accuracy of Method 5 (D + O +
R) outperforms other baselines. It is easy to notice the ne-

cessity of adding actor-centric relations as one input stream,
because it carries more contextual information.

4.3. Ablation Study
TBA

4.4. Case Study
TBA

5. Conclusion

In this project, we explore to apply actor-centric relations
and object concepts to assist the video QA task. Our model
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Dataset Test-Public w/ ts
Show BBT Friends HIMYM Grey House Castle All
Multi-Stream[4] | 70.1892 65.6183 64.8148  68.2093 69.7010 69.7928 | 68.4770

Table 1. Results of TVQA test-public evaluation for models that used time-stamp annotation (‘ts’). The performance of our method is also
compared to other baselines on six TVQA sub-datasets: BBT, Friends, HIMYM, Grey, House, and Castle. All numbers in the table are

percentage precision numbers (%).

Dataset Test-Public w/o ts
Show BBT Friends HIMYM Grey House Castle All
Multi-Stream[4] | 70.2544 65.7783 64.0212  67.2032 66.8439 63.9586 | 66.4568
JunyeongKim | 69.6021 65.9382 64.5503 68.2093 66.5116 66.6848 | 67.0471
PAMN 67.6451 63.5928 62.1693 67.6056 64.1860 63.1407 | 64.6071

Table 2. Results of TVQA test-public evaluation for models that did not use time-stamp annotation (‘ts’). The performance of our method
is also compared to other baselines on six TVQA sub-datasets: BBT, Friends, HIMYM, Grey, House, and Castle. All numbers in the table

are percentage precision numbers (%).

is based on multi-modal cross-attention flow and is imple-
mented with purely depth-wise convolution networks. In
the experiments on TVQA dataset, our Full Dial + Objects +
Relations model achieves the best 65.41% accuracy among
all baselines, which proves the effectiveness of actor-centric
as contextual information. In the future, we plan to in-
crease explainability of the model by applying neural mod-
ule network to do inference. To enrich available contex-
tual information for question answering, we will extract plot
graph both from video clips and dialogues. For building a
plot graph with multimodal information, we plan to extend
our work with dialogue-based actor naming and temporal
causality arrangement.
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