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Abstract

It is still a pipe dream that personal AI assis-
tants on the phone and AR glasses can assist our
daily life in addressing our questions like “how
to adjust the date for this watch?” and “how to
set its heating duration? (while pointing at an
oven)”. The queries used in conventional tasks
(i.e. Video Question Answering, Video Re-
trieval, Moment Localization) are often factoid
and based on pure text. In contrast, we present a
new task called Task-oriented Question-driven
Video Segment Retrieval (TQVSR). Each of
our questions is an image-box-text query that
focuses on affordance of items in our daily life
and expects relevant answer segments to be
retrieved from a corpus of instructional video-
transcript segments. To support the study of
this TQVSR task, we construct a new dataset
called AssistSR. We design novel guidelines
to create high-quality samples. This dataset
contains 3.2k multimodal questions on 1.6k
video segments from instructional videos on
diverse daily-used items. To address TQVSR,
we develop a simple yet effective model called
Dual Multimodal Encoders (DME) that signif-
icantly outperforms several baseline methods
while still having large room for improvement
in the future. Moreover, we present detailed
ablation analyses. Code and data are available
at https://github.com/StanLei52/TQVSR.

1 Introduction

As shown in Fig. 1a, a user is looking at his watch
and wondering “how to adjust the date for this
watch". It would be great if our phone or glasses
can be powered by an intelligent agent, i.e. AI assis-
tant, which perceives exactly what the user sees and
can find out the answer in the instructional video of
this watch, either provided by the watch’s seller or
posted on YouTube. However, such a video is usu-
ally quite long and thus time-consuming for users
to watch, let alone there are a lot of online tutorial
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AI Assistant
On Phone / AR Glasses

User: How to adjust the date 
for this watch?

AI: Sir, please watch this 
instructional video segment.

(a)

Q1: What is the man 
holding?

Q2: How to clean up the 
plastic dust bucket of my 
Roidme X20S vacuum?

Q3: How to clean up 
<this part> of the vacuum?

Factoid to Affordance-Centric

Textual to Multimodal

(b)

Figure 1: (a) AI assistant on phone/glasses addresses
user’s question in daily life. (b) Questions in previous
tasks vs. our TQVSR task.

videos for various items. To save a user’s time, we
aim to retrieve only the relevant short segments in
a long video for that specific watch.

This problem is related with several exist-
ing tasks including Video Question Answering
(VideoQA), Video Retrieval and Moment Localiza-
tion. Yet, to unlock the aforementioned application
in Fig. 1a, we need a new task and a new bench-
mark, which have two major differences compared
to the existing tasks when designing questions:

• Factoid vs. Task-oriented. Existing tasks and
datasets mainly focus on factoid questions or
queries. For example in Fig. 2, Question 1 in
ActivityNetQA (Yu et al., 2019), Query 2 in
DiDeMo dataset (Anne Hendricks et al., 2017),
and Query 3 in MSR-VTT (Xu et al., 2016) are
all about simple facts, e.g. basic attributes, rela-
tionships between common objects. In contrast,

https://github.com/StanLei52/TQVSR
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Moment Localization Text-Video RetrievalVideo QA

Textual Query 2. The little girl jumps back up
after falling. Video 
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Textual Query 3. 
Cars are racing down a narrow 
road.

…

Textual Question 1. What color is the gloves
worn by the person who is skiing?

ActivityNetQA MSR-VTTDiDeMo

Answer: Black Start time: 00:18 End time: 00:24

TQVSR

Multimodal Question 4.
How to clean up <this part>
of the vacuum?

Video 
Corpus

…

Figure 2: Illustration for TQVSR & TQVSR vs. other video-related tasks. TQVSR focuses on task-oriented and
multimodal questions: an image or referring regions as visual part and a natural language query as textual part.
TQVSR is set-based: given a question, the system is to retrieve from the video corpus the relevant segments.

we expect the AI assistant to go beyond simple
facts and tackle Task-oriented questions. As
shown in Fig. 1b, instead of asking “what is
the man holding”, we focus on questions like
“how to clean up <this part> of the vaccum”.
Such questions regarding the affordance (Gib-
son, 1977) of objects or devices are often asked
by people in daily life.

• Pure text vs. Multimodal. Questions or queries
in existing datasets are mostly pure text. How-
ever, psychology literature shows that pointing
to the interesting objects is one of the initial
manners that a baby conveys intention (Mani
et al., 2020; Oates and Grayson, 2004; Malle
et al., 2001). It is unnatural for human to ask
the AI assistant with phrases like Q2 in Fig 1b
or “on the top-right of the vacuum”. It is more
straightforward to directly point to that part and
ask: “How to clean up <this part > of the
vacuum?”. This is a multimodal question con-
sisting of a textual question, the current image
seen by the AI assistant, and the visual region
pointed out by the user’s finger.

Task. Given a multimodal, task-oriented
question, we propose a new task called Task-
oriented Question-driven Video Segment Retrieval
(TQVSR), which expects the model to retrieve the
relevant video segments that can address the user’s
question. As shown in Fig. 2, (1) unlike video-
text retrieval which focuses on returning a whole
video, TQVSR takes a step further to locate the
relevant segment within a long instructional video.
(2) Unlike moment localization whose query di-
rectly describes the segment’s content, we find it
is often difficult for different annotators to agree

on where the exact start and end times are for task-
oriented question. To provide a fair comparisons,
TQVSR first asks annotators to chunk a long video
into short segments and then models can only focus
on whether retrieve a segment or not. Details in
Sec. 3.

Dataset. To support studying TQVSR, we create
a new dataset called AssistSR. Throughout multi-
ple iterations, we form a novel annotation pipeline
and guideline, which can effectively address anno-
tation challenges including (1) source high-quality
videos that support asking task-oriented questions;
(2) annotators tend to ask factoid and simple ques-
tions; (3) how to alleviate ambiguity for answer
segment annotation. In total, we have collected
3,214 high-quality questions on 1,607 segments
from 210 videos.

Model. To develop model for TQVSR, we
propose Dual Multimodal Encoders (DME), a
straightforward yet effective approach that has two
transformer-based multi-modal encoders for the
user question and a video segment respectively. We
further show DME outperforms previous methods
and each modality in question and video matters.

2 Related Work

Video Question Answering. This task requires
the intelligent system to automatically answer a
natural language question according to the con-
tent of a given video. In recent years, multiple
VideoQA datasets and tasks have been proposed to
facilitate research towards this goal, several video-
based QA datasets have also been proposed, e.g.
TGIF-QA (Jang et al., 2017), MovieFIB (Ma-
haraj et al., 2017), VideoQA (Zhu et al., 2017),
LSMDC (Rohrbach et al., 2015), TRECVID (Over



et al., 2014), and MarioQA (Mun et al., 2017). Ad-
ditionally, Video Question Answering (Lei et al.,
2018; Tapaswi et al., 2016; Kim et al., 2017), with
naturally occurring subtitles are particularly inter-
esting, as it combines both visual and textual in-
formation for question answering. Different from
VideoQA, where a system is required to generate
an answer in a video-instance based setting, the
task of TQVSR is to ground the answer segments
from the video corpus for a given question.

Video Retrieval. The objective of Video Retrieval
is that given a text query and a pool of candi-
date videos, select the video which corresponds
to the text query. A good amount of work has
been done in the area of natural language query
based video search for complete videos, such as
MSR-VTT (Xu et al., 2016), DiDeMo (Anne Hen-
dricks et al., 2017), ActivityNet Captions (Krishna
et al., 2017), CharadesSTA (Gao et al., 2017), and
TACoS (Regneri et al., 2013). However, return-
ing the whole video is not always desirable, since
sometimes they can be quite long (e.g. from a
few minutes to hours). What's more, most of the
queries for Video Retrieval are based on declara-
tive sentences, but not question-based, thus lead-
ing to the gap to real world application. However,
the setting of video retrieval is far from practical
application due to the factoid query. In TQVSR,
we focus more on the task-oriented user question
expressed in a multimodal manner and adopt the
video segment level retrieval, whereby the returned
video segments within proper time-span are able to
address the user's question.

Moment Localization. The task of Moment
Localization is to localize moments from a
video given a natural language query. Various
datasets (Anne Hendricks et al., 2017; Gao et al.,
2017; Lei et al., 2020b; Krishna et al., 2017; Reg-
neri et al., 2013) have been proposed or repurposed
for the task. While these datasets for moment local-
ization collect only a single moment for each query-
video pair, we annotate one or more video seg-
ments for each query in our dataset, which is more
�exible. Meanwhile, most existing datasets (Sun
et al., 2014; Gygli et al., 2016; Song et al., 2016;
Garcia del Molino and Gygli, 2018) for moment
localization are query-agnostic, which do not pro-
vide customized moments for a speci�c user query.
Recently (Lei et al., 2021a) introduced a dataset
for query-based video moment retrieval and high-
light detection, which also lies in the category of

moment localization. Unlike moment localization,
TQVSR is question-driven and aims to retrieve all
relevant segments. Sec.3 analyzes the challenges
in adapting moment localization for TQVSR and
our rationales behind formulating it as a segment
retrieval problem.

3 Task Formulation for TQVSR

Challenges.Given a user question, naturally we
would think of annotating the start time and end
time for the answer span, as moment localization
does. However, this leads to some problems. (1)
From the perspective of application, different
users have different preference for answer clips:
some prefer to longer clips to learn more contexts,
while others just tend to watch the key parts. This
leads to the dif�culty in the de�nition of correct
answer span. (2)From the perspective of met-
ric evaluation, in the task of moment localization,
models are forced to generate a prediction with
high tIoU to the ground truth annotation. However,
tIoU might not measure the correctness of the pre-
dicted answer span well. For example, a predicted
answer span with higher tIoU might miss some vi-
tal information for addressing the user's question,
while another candidate answer span with lower
tIoU to ground truth might work better qualita-
tively. What's more, a prediction span generated
by localization might not be semantically intact,
which is not user friendly.
Our proposed solution of evaluating on seg-
ments. To avoid such drawbacks and remove ambi-
guities in answer annotation, we propose to chunk
a video into segments with well-designed rules and
then annotate the answer segments among the can-
didate video segments. With prede�ned segments,
the model no longer needs to predict the times-
tamp, but only needs to predict whether a segment
contains the content for answering the user's ques-
tion or not, which signi�cantly alleviates ambiguity
during evaluation.

Notably, throughout multiple iterations of im-
proving annotation guidelines, we arrived at the
following design principles of how to segment a
video: (1) Keep consistent level of semantic gran-
ularity within one video segment.(2) Soft thresh-
old for video segment duration: 30 seconds as
minimum and 2 minutes as maximum.(3) Adjust
segmentation according to the list of quali�ed ques-
tions. More details and examples could be found
in appendix.



Figure 3: Data collection procedure for AssistSR.

Task de�nition of TQVSR. The task of TQVSR
addresses an task-oriented user question by retriev-
ing from the video corpus the relevant video seg-
ments. Taking a questionQ with multiple modali-
ties as input, from the corpus of video segmentsV,
the task is to retrieve all the relevant segmentsV Q

ans

which can provide answer contents for the given
question:V Q

ans = f vq
i j q = Q; i 2 jVj ; vq

i 2 Vg.

4 A New Benchmark: AssistSR

Overview. Our pipeline of data collection and an-
notation procedure is summarized in Fig. 3. In
short, we conduct video collection, question col-
lection, video segmentation and answer segment
annotation for data collection. Quality control is
carefully designed to ensure the data and annota-
tion quality. We will explain them one by one.

Challenges.Here we list the challenging points
in data collection and annotation, and provide our
solutions and rationales behind.(1) Source diverse
videos of high-quality. We show our principles
in Sec. 4.1. (2) How to ensure the quality of
questions: ask the ones people would naturally
ask and balance the question types. We provide a
veri�cation-involved process in Sec. 4.2.

Summary of our AssistSR dataset.In total,
we collected 3,214 questions associated with 1,607
segments in 210 videos for the AssistSR dataset.
We provide some examples of AssistSR along with
qualitative results in Fig. 8.

4.1 Video Collection

We collect a set of videos which cover a wide range
of scenarios and contain interesting and diverse
contents. Here, each scenario refers to a category of
commonly used item in daily life, such as vacuums,
digital watches and so on.

To source videos, we �rstly maintain a scenario
list which covers the majority of the highest level in

HowTo100M (Miech et al., 2019) to ensure diver-
sity. To obtain high-quality videos, we further set
some criteria, which could be found in appendix.

• To utilize auto-generated ASR captions, we ex-
clude videos without voice-over or with only
scene-text.

• Videos should contain actions or salient motion
for showcasing the feature of the subject item;

• Video contents should be rich enough to support
addressing user's question.

Overall, these videos are captured via different
devices (e.g., mobile phone or GoPro) with differ-
ent view angles (e.g., �rst-person view or third-
person view), posing important challenges to com-
puter vision systems. All the transcripts generated
by ASR are in English.

In total, we collected 210 videos with an average
duration of 539 seconds. All collected videos are
mainly from the domain of commonly used items,
including sub-categories ranging from home ap-
pliances, digital gadgets to smart devices. Fig. 4
shows some scenarios with high frequency in our
dataset. In Tab.1, we compared AssistSR with
some recently proposed datasets related to task-
oriented operations or intelligent assistants:#1.
TC-QA (Tan et al., 2020),#2. TutorialVQA (Colas
et al., 2020) and#3. ScreenCast QA (Zhao et al.,
2020). We can see that our AssistSR has compa-
rable size to these datasets in terms of #scenarios,
#videos, #segments, #QAs and total duration.

Figure 4: High frequency scenarios in our dataset.

Datasets #Scen. #Vid. #Seg. #QAs Tot. Duration
#1 1 - 495 991 41.25 min
#2 1 76 408 6195 -
#3 1 76 - 17768 333 min

AssistSR 92 210 1607 3214 1887.9 min

Table 1: Statistics on various datasets related to topics
of task-oriented operations or intelligent assistants.



4.2 Question Collection

Procedure for annotating questions.To collect
high-quality questions, the annotators were asked
to:

1. Go through and understand the whole video.
2. Come up with a list of questions which can be

clearly tackled after watching the video.We
exclude the questions that a user would not be
interested in. For example, “What color is this
juicer?” which is super�cial.

3. Conduct self-veri�cation and cross-veri�cation
on the question list.Each annotator checks its
question list and �lters out the unquali�ed ques-
tions while for cross-veri�cation, another an-
notator who has not watched the same video
checks the questions from the view of a real
user.

4. Collect and annotate the quali�ed questions.Af-
ter harvesting the quali�ed textual questions, the
annotators are required to collect and annotate
the query images.

Next, we provide details for our question collec-
tion and annotation.

Multimodal query. Each question annotated in
AssistSR is multimodal, which means that it is com-
posed of a textual part and a visual part. The textual
part is a free-form query written by our annotators.
The visual part is an image for the object the anno-
tator poses a question on. Inspired by (Mani et al.,
2020; Zellers et al., 2019), we allow annotators to
pose a question on speci�c parts of an object and
locate its position with a bounding box. By incor-
porating the visual information, annotators are able
to write more natural questions. For example, they
can ask “How to clean up<this part > ?” in-
stead of “How to clean up the plastic dust bucket
of my Roidme X20S vacuum?”, with a bounding
box tag <this part > referring to the speci�c
part of the vacuum cleaner.

We also provide some strategies to avoid col-
lecting query images from the target ground-truth
video segment: searching different instances on the
Internet, sampling a query image from non-GT seg-
ments with different contexts from GT segments,
and editing images if they have to be sampled from
GT segments. This makes TQVSR more dif�cult
than simple visual matching. Details in appendix.

Query type. In practice, videos are associated
with multi-modalities such as audio and text, e.g.
subtitles for TV shows, transcripts for instructional

videos or audience discourse accompanying live
stream, which could be also important sources for
retrieving relevant segments. Following (Lei et al.,
2020b, 2018), we encourage annotators to write
questions that are related to different modalities,
aiming at enabling the model to learn the knowl-
edge from the video in a systematic way. To test
the model's ability to retrieve the relevant segment
for a given question, we categorize all the questions
into 3 types:

1. t type: the visual part of the annotated question
only helps to match the subject in the video, one
can retrieve the relevant clips by textual clues
from videos besides such matching.

2. v type: one can only locate the relevant clips by
visual clues from videos.

3. v+t type: one should locate the relevant seg-
ments by leveraging both visual and textual
clues from videos. In this case, the visual part of
the question not only helps to match the subject,
but also provides vital information for segment
retrieval.

Similar to (Lei et al., 2020b, 2018), in our pi-
lot test, we observed that our annotators preferred
to write t type questions, of which the answers
segment can be easily retrieved by reading the tran-
scripts. To ensure that we collect a balance of
queries requiring one or both modalities, we set
up awarding mechanism for askingv typeandt+v
typetype questions. More examples of query types
could be found in appendix.
Overview of the collected questions.We collected
3,214 questions in total. On average, our question
contains 8.65 words. Each question is associated
with one user image and with 0.31 bounding boxes
annotated on average. Fig. 6b shows the distribu-
tion of question length, showing that most of the
queries in our dataset have more than 10 words.

In Fig. 5, by visualizing the Alluvial diagram
of the most frequent �rst three words in the ques-
tions of our dataset, we observe that the text query
pattern in our dataset is not limited to “how to”
type questions. In real jobs, annotators can also
ask questions with “what”, “when”, “where” and
“why”. Also, they are allowed to state the goal (e.g.
“I want to ...”) with a declarative sentence �rst and
then ask a question. We can observe from Fig. 5
that “what” type question is the most dominant
in our dataset, followed by “how to” and “could”.
The “what” type questions mainly ask about the
functions of an item, and the third word in “how to”



Figure 5: Alluvial diagram of the most frequent �rst
three words in the collected questions.

Figure 6: Distribution of segmentation and query length.

type questions are mainly verbs, showcasing the
diversity and complexity of our questions, which is
task-oriented.

4.3 Video Segmentation

Following Sec. 3, we ask annotators to chunk a
video into prede�ned segments and detailed analy-
sis can be found in Sec. 3 and appendix.

Finally we collected 1,607 segments upon 210
videos. The average duration for all chunked video
segments is 70.5 seconds. Fig. 6a shows the distri-
bution of the length of the chunked video segments.
Most of the video segments in our dataset have a
duration longer than 50 seconds.

4.4 Answer Annotation

With prede�ned segments, annotators are required
to select the answer segments for each question.
Each query with contents that can address the given
question should be annotated. In AssistSR, there
could be multiple disjoint answer segments paired
with a single query (on average 1.03 answer seg-
ments per question), while all the moment localiza-
tion or video retrieval datasets can only have one
single moment or one single video. This is a more
realistic setup as relevant content to a query in a
video might be separated by irrelevant content.

4.5 Quality Control

To ensure data and annotation quality, we've de-
signed a detailed quality assurance mechanism,
which is presented in appendix. Brie�y, annota-
tors were required to take the training curriculum
and pass the quali�cation test before working on
real jobs. Auditors are to evaluate the workers per-
formance on the quali�cation test and check the
quality of sampled annotations from the initial data
pool. Typical issues in early training include ask-
ing unnatural questions, misunderstanding the rules
for chunking a video, etc. Evaluation scores are
rated on a scale of 1 (bad), 2 (minor errors) and 3
(good). Workers should retake the training curricu-
lum when the rating score is deemed insuf�cient.
In practice, the performance of an annotator is sat-
isfying and acceptable if its average rating is above
2.5. More details could be found in appendix.

5 Method

We introduceDual Multimodal Encoders (DME)
for TQVSR. Fig. 7 gives an overview of our model.
Formally, we de�ne the inputs into the model as: a
candidate video segment associated with transcripts
and a user question composed of an image with or
without referring regions, and a textual query.

Model Architecture. DME is composed of two
multimodal encoders based on the transformer net-
work (Vaswani et al., 2017). In TQVSR, both user
question and a context video segment are multi-
modal, i.e. both of them are composed of vision
input and language input, requiring a model for
learning joint contextualized representations. In-
spired by the recent success of the vision and lan-
guage model (Lu et al., 2019; Su et al., 2020; Li
et al., 2019), we follow (Li et al., 2019) to use the
self-attention mechanism within the Transformer
to implicitly align elements of the input text and
regions in the question and model the contextual
information of the input video segment.

Input Representation. We extract visual fea-
tures for video appearance, query image and region
with ResNet-50 backbone (He et al., 2016) with
weights from grid-feat (Jiang et al., 2020), which
is trained on Visual Genome (Krishna et al., 2016).
We extract contextualized text features using a 6-
layer pretrained DistilBert (Sanh et al., 2019). Both
visual features and textual features are projected
into the same dimension, and added with token
type embedding and positional embedding. We
concatenate the text feature and visual feature to



Figure 7: Illustration of our Dual Multimodal Encoders for TQVSR.

create a single sequence embedding and a learnable
[cls] token (Devlin et al., 2019) is concatenated
to the beginning of the input feature, which is used
to produce the �nal output representation of each
transformer-based encoder.

Training and Inference. During training, one
relevant segment is randomly sampled to be paired
with a question. For training, we use loss function
as in (Zhai and Wu, 2018) for segment retrieval
setting, where matching question-segment pairs in
a batch are treated as positives, and all other pair-
wise combinations in the same batch are treated as
negatives. We maximize the score between posi-
tive pairs and minimize the score between negative
pairs. At inference time, the DME model requires
only the dot product between the multimodal ques-
tion embedding and candidate video segment em-
beddings. This retrieval inference is of trivial cost
since questions and video segments are indexable
and therefore it is scalable to large scale retrieval.
More details are in appendix.

6 Experiment

6.1 Baseline

To explore the performance of other video-related
tasks on TQVSR, we evaluate the following meth-
ods and modify the original implementation to �t
in our inputs if necessary. More details could be
found in appendix.

#1 Random guess.For each question, we ran-
domly shuf�e the list of all video segments as
the ranked results.#2 SiameseNet(Chopra et al.,
2005) for image-video matching.#3 TVQA. (Lei
et al., 2018) A multi-modal videoQA method
in which QA pairs are used to fuse with visual
and textual features in the video separately. We
also replace LSTM (Hochreiter and Schmidhuber,
1997) in the original implementation with trans-
former (Vaswani et al., 2017).#4 XML (Lei et al.,
2020b) is a late fusion approach for Video Cor-
pus Moment Retrieval (VCMR). XML(VR) views

each video segment in TQVSR as a video, and
just compiles the Video Retrieval part in XML.
XML(VR+ML) uses the rough start-end time in
AssistSR annotation for VCMR setting.#5 Clip-
BERT (Lei et al., 2021b) is a video-language
framework that sparsely and randomly sample
video clips and frames within a clip for end-to-end
training.

6.2 Experimental Setting

Dataset. We split our AssistSR into 80% train,
10% val and 10% test such that videos and their
associated queries appear in only one split. We
include scenarios which are unseen in the train set
into the validation set and test set. The distribution
of query patterns and query types are kept aligned
among these splits.

Evaluation metrics. To evaluate the perfor-
mance of TQVSR, we use mean average precision
(mAP) as in the information retrieval system. We
also report standard metric Recall@1 (R@1) and
Recall@5 (R@5) used in text-to-video retrieval
and single moment retrieval. For TQVSR, we use
mAP as the main metric. Note mAP is able to mea-
sure the model performance when the number of
ground-truth video segments is greater than one.

Method
mAP R@1 R@5

All Unseen All Unseen All Unseen

Random guess 2.66 2.65 0.45 0.45 2.18 2.18
SiameseNet 11.77 11.50 3.90 3.42 14.19 13.68
TVQA-LSTM 13.30 11.51 1.24 0.69 23.51 20.04
TVQA-Trans. 14.46 12.99 5.63 3.59 19.52 18.06
ClipBERT 18.14 17.67 7.43 6.92 27.2326.92
XML(VR) 17.45 16.44 5.93 5.56 25.18 22.22
XML(VR + ML) 18.37 14.76 7.92 5.56 27.23 19.44
DME(ours) 22.92 20.44 11.94 9.61 30.13 25.62
DME(Unicoder) 25.18 22.75 13.51 10.65 34.61 33.45

Table 2: Experimental results on various methods for
TQVSR test set.

6.3 Quantitative Results

Performances on all scenarios. AssistSR val set
results are shown in Tab. 2. We can observe that:



Figure 8: DME prediction examples for TQVSR, for AssistSR dataset. Dashed box indicates the GT segments.

(1) All the methods designed for video-related
tasks are clearly better than random guess. DME
clearly outperforms other methods for video-
related tasks, indicating that models designed for
other tasks can not generalize well to the TQVSR
task.

(2) SiameseNet for image-video matching per-
forms worse than other baselines because it only
considers visual matching, discarding the textual
information in questions and transcripts. This also
indicates that TQVSR is not a simple matching
task, yet it requires the model to learn the textual
knowledge behind.

(3) In TVQA, we see that TVQA-Trans. out-
performs TVQA-LSTM, indicating that the trans-
former can better capture information from video
segments. We also see that DME works better than
TVQA, and this implies that the design of sepa-
rate query-video appearance context matching and
query-video transcript context matching may ig-
nore to capture the alignment of video appearance
and transcripts.

(4) In ClipBERT, the sparsely sampled frames
and their temporally aligned transcripts generated
by ASR might fail to capture the global feature. As
in HowTo100M (Miech et al., 2019), it is likely that
the transcript is not depicting the content in the sam-
pled frame. This modeling design for multimodal
video might fail to learn a good representation for
global information while DME's fusion strategy
for multimodal can avoid such a situation.

(5) DME also outperforms both XML(VR) and
XML(VR+ML). XML(VR+ML) with more super-
vision higher than XML(VR) in mAP. In XML,
separate self-attention modules are used for dif-
ferent modalities in video retrieval. Its inferior
performance compared to DME indicates that the
multimodal encoder might be able to learn better

representations for multimodal question and video
representation, which leads to better performance
on the TQVSR task.

Therefore, to tackle TQVSR, we need more cus-
tomized designs for multi-modal video context
modeling and query-video interaction.

Performances on unseen scenarios. From Tab. 2
We can observe that ClipBERT, XML and DME
generalize poorly to the unseen scenarios: the
mAP score on the Unseen set is clearly lower
than that on the All set. This is because for items
within the same scenario could share similar knowl-
edge, while for items for totally different scenarios,
model may fail to bridge the gap of the difference
in appearance, language style, etc. Here we leave
seeking better generalization on TQVSR for future
work. All these con�rm the challenging nature of
TQVSR task and the need of our new benchmark.

Would pretrained models help?For our proposed
task, a promising direction is: leverage models pre-
trained on other massive data and then only need
a small amount of training data to �netune on our
downstream task. We therefore initialized DME
encoders from various pre-trained models: ViL-
Bert (Lu et al., 2019), VisualBert (Li et al., 2019)
and Unicoder-VL (Li et al., 2020), and then �ne-
tuned using 25%, 50%, 75%, 100% of AssistSR
training set respectively. Fig. 9 shows that initializ-
ing DME encoders with various pre-trained models
can improve DME (�netune w/ our whole train
set). Also, when using only 75% training data,
using pre-trained model can achieve comparable
mAP to DME with 100% training data, indicating
that proper vision and language model pretraining
would help in the TQVSR task.

Modality removal from video source. For the
video encoder, we respectively mask the transcript
(shown as Trans.) and the video appearance (shown


