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Abstract

Dialog systems need to understand dynamic visual scenes in
order to have conversations with users about the objects and
events around them. In this Audio Visual Scene-aware Dia-
log (AVSD) track for Natural Language Generation (NLG),
we challenge a new research target, a dialog system that can
have conversations with users about the objects and events
around them, which lies at the intersection of multiple av-
enues of research in natural language processing, computer
vision, and audio processing. We introduce a new dataset of
dialogs about videos of human behaviors. Each dialog is a
typed conversation that consists of a sequence of 10 question-
and-answer (QA) pairs between two parties. In total, we col-
lected dialogs on 11, 156 videos. In this overview, we de-
scribe the task design and data sets, and review the submitted
systems and applied techniques for conversation modeling.
The AVSD track for Natural Language Generation (NLG) re-
ceived 31 system submission from a total of 9 teams, and
evaluated them based on several objective measures such as
BLEU, METEOR, CIDEr and a human-rating based subjec-
tive measure. Finally, we discuss technical achievements and
remaining problems related to this challenge.

Introduction
Spoken dialog technologies have been applied in real-world
human-machine interfaces including smart phone digital
assistants, car navigation systems, voice-controlled smart
speakers, and human-facing robots (McTear 2002; Young
2000; Zue et al. 2000). Generally, a dialog system consists
of a pipeline of data processing modules, including auto-
matic speech recognition, spoken language understanding,
dialog management, sentence generation, and speech syn-
thesis. However, all of these modules require significant
hand engineering and domain knowledge for training. Re-
cently, end-to-end dialog systems have been gathering at-
tention, and they obviate this need for expensive hand en-
gineering to some extent. In end-to-end approaches, dia-
log models are trained using only paired input and output
sentences, without relying on pre-designed data process-
ing modules or intermediate internal data representations
such as concept tags and slot-value pairs. End-to-end sys-
tems can be trained to directly map from a user’s utter-
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ance to a system response sentence and/or action. This sig-
nificantly reduces the data preparation and system devel-
opment cost. Several types of sequence-to-sequence mod-
els have been applied to end-to-end dialog systems, and it
has been shown that they can be trained in a completely
data-driven manner. End-to-end approaches have also been
shown to better handle flexible conversations between the
user and the system by training the model on large conver-
sational datasets (Vinyals and Le 2015; Lowe et al. 2015;
Hori et al. to appear in 2018). In these applications, how-
ever, all conversation is triggered by user speech input, and
the contents of system responses are limited by the training
data (a set of dialogs). Current dialog systems cannot un-
derstand dynamic scenes using multimodal sensor-based in-
put such as vision and non-speech audio, so machines using
such dialog systems cannot have a conversation about what’s
going on in their surroundings. To develop machines that can
carry on a conversation about objects and events taking place
around the machines or the users, dynamic scene-aware dia-
log technology is essential.

Using this end-to-end framework, visual question an-
swering (VQA) has been intensively researched in the field
of computer vision (Antol et al. 2015; Zhang et al. 2016;
Goyal et al. 2017). The goal of VQA is to generate answers
to questions about an imaged scene, using the information
present in a single static image. As a further step towards
conversational visual AI, the new task of visual dialog was
introduced (Das et al. 2016), in which an AI agent holds a
meaningful dialog with humans about an image using natu-
ral, conversational language (Das et al. 2017). While VQA
and visual dialog take significant steps towards human-
machine interaction, they only consider a single static im-
age. Most real-world scenarios such as helping visually-
impaired users, intelligent home assistants involve videos
specifically, understanding the content and temporal dynam-
ics of a scene. To capture the semantics of dynamic scenes,
recent research has focused on video description (natural-
language descriptions of videos). The state of the art in video
description uses a multimodal attention mechanism that se-
lectively attends to different input modalities (feature types),
such spatiotemporal motion features and audio features, in
addition to temporal attention (Hori et al. 2017). This frame-
work allow us to build scene aware dialog systems using
multimodal information such as audio and visual features.



Table 1: An example dialog of the AVSD dataset.
Questioner Answerer

QA1 What kind of room does this appear to be? He appears to be in the bedroom.
QA2 How does the video begin? By him entering the room.
QA3 Does he have anything in his hands? He pick up a towel and folds it.
QA4 What does he do with it ? He just folds them and leaves them on the chair.
QA5 What does he do next? Nothing much except this activity.
QA6 Does he speak in the video? No he did not speak at all.
QA7 Is there anyone else in room at all? No he appears alone there.
QA8 Can you see or hear any pets in the video? No pets to see in this clip.
QA9 Is there any noise in the video of importance? Not any noise important there.

QA10 Are there any other actions in the video? Nothing else important to know.

In this track, we propose a new research target, a dia-
log system that can discuss dynamic scenes with humans,
which lies at the intersection of multiple avenues of research
in natural language processing, computer vision, and audio
processing. Since the recent revolution of neural network
models allows us to combine different modules into a sin-
gle end-to-end differentiable network, this framework allow
us to build scene aware dialog systems by combining end-
to-end dialog and multimodal video description approaches.
We can simultaneously input video features and user utter-
ances into an encoder-decoder-based system whose outputs
are natural-language responses. To advance this goal, we in-
troduce a new dataset of human dialogues about videos. We
used the short video clips of the Charades dataset videos
(Sigurdsson et al. 2016) for Audio Visual Scene-aware Dia-
log (AVSD) which is simple videos of real people perform-
ing everyday actions in real-world settings, with natural au-
dio. In this track, system responses are generated using Nat-
ural language Generation (NLG) technologies which chal-
lenged by the DSTC6 Trak2 modeling end-to-end conver-
sation for Twitter customer service. We used the baseline
system that incorporated technologies for video description
into an end-to-end dialog system (Hori et al. 2018). We are
making our dataset, code, and model publicly available for a
new Audio Visual Scene-Aware Dialog (AVSD) Challenge.

Task definition
The system must generate responses to a user input in the
context of a given dialog in this track. The dialog context
consists of a dialog history between the user and the system
in addition to the video and audio information in the scene.
There are two tasks, each with two versions (a and b):
Task 1: Video and Text (a) Use the video and text training

data provided but no external data sources, other than pub-
licly available pre-trained feature extraction models. (b)
External data may also be used for training.

Task 2: Text Only (a) Do not use the input videos for train-
ing or testing. Use only the text training data (dialogs and
video descriptions) provided. (b) Any publicly available
text data may also be used for training.

Data Collection
To setup the Audio Visual Scene-Aware Dialog (AVSD)
track, we collected text-based dialog data discussing about

Table 2: The dialog data for the DSTC7 AVSD track. The test
videos for this challenge was partially selected from the official
test data of the Charades challenge.

training validation test
# of dialogs 7,659 1,787 1,710
# of turns 153,180 35,740 13,490
# of words 1,450,754 339,006 110,252

short videos of Charades by (Sigurdsson et al. 2016)1,
which contains untrimmed and multi-action videos, along
with video descriptions in (Alamri et al. 2018). The data
collection paradigm for dialogs was similar to the one de-
scribed in (Das et al. 2016), in which for each image, two
party interacted via a text interface to yield a dialog. In (Das
et al. 2016), each dialog consisted of a sequence of ques-
tions and answers about an image. In the video scene-aware
dialog case, two party had a discussion about events in a
video. One of the two-party played the role of an answerer
who had already watched the video. The answerer answered
questions asked by the counterpart – the questioner. The
questioner was not allowed to watch the whole video but
only the first, middle and last frames of the video which
were single static images. After having a conversation to ask
about the events that happened between the frames through
10 rounds of QA, the questioner summarized the events in
the video as a description. The sample dialog is show in
Table 1. The DSTC7 AVSD official dataset for NLG con-
tains 7,659, 1,787 and 1,710 dialogs for training, validation
and test sets, respectively. The questions and answers of the
AVSD dataset mainly consists of 5 to 8 words and longer
than those of VQA. More descriptive sentences were gener-
ated. The dialog contains questions asking objects, actions
and audio information in the videos. Although we tried to
collect the event relevant questions, some questions ask ab-
stract information of the video such as how to begin the
videos, the duration of the videos other than the events. Ta-
ble 2 shows the statistics of the data set.

Basline System
We provided a baseline end-to-end dialog system that can
generate answers in response to user questions about events

1http://allenai.org/plato/charades/
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Figure 1: Attentional multimodal fusion based video scene-aware dialog system (Hori et al. 2018)

in a video sequence. Our architecture is based on the Track2
of DSTC6 (Hori et al. to appear in 2018) which similar to
the Hierarchical Recurrent Encoder in Das et al. (Das et al.
2016). The question, visual features, and the dialog history
are fed into corresponding LSTM-based encoders to build
up a context embedding, and then the outputs of the en-
coders are fed into a LSTM-based decoder to generate an
answer. The history consists of encodings of QA pairs. We
feed multimodal video features into the LSTM encoder in-
stead of single static image features as described in (Hori et
al. 2018). Figure 1 shows the architecture of the baseline sys-
tem. In the AVSD challenge in DSTC7, we provide a Naı̈ve
fusion multimodal fusion system(Alamri et al. 2018).

Video Processing
We adopted the state-of-the-art I3D features (Carreira and
Zisserman 2017), spatiotemporal features that were devel-
oped for action recognition. The I3D model inflates the 2D
filters and pooling kernels in the Inception V3 network along
their temporal dimension, building 3D spatiotemporal ones.
We used the output from the ”Mixed 5c” layer of the I3D
network to be used as video features in our framework. As
a pre-processing step, we normalized all the video features
to have zero mean and unit norm; the mean was computed
over all the sequences in the training set for the respective
feature.

In the experiments in this paper, we treated I3D-rgb (I3D
features computed on a stack of 16 video frame images) and
I3D-flow (I3D features computed on a stack of 16 frames of
optical flow fields) as two separate modalities that are input
to our multimodal attention model. To emphasize this, we
refer to I3D in the results tables as I3D (rgb-flow).

Audio Processing
In this track, we used features extracted using a new state-
of-the-art model, Audio Set VGGish (Hershey et al. 2017).

Inspired by the VGG image classification architecture (Con-
figuration A without the last group of convolutional/pooling
layers), the Audio Set VGGish model operates on 0.96 sec
log Mel spectrogram patches extracted from 16 kHz au-
dio, and outputs a 128-dimensional embedding vector. The
model was trained to predict an ontology of labels from only
the audio tracks of millions of YouTube videos. In this work,
we overlap frames of input to the VGGish network by 50%,
meaning an Audio Set VGGish feature vector is output every
0.48 sec.

Submitted Systems

We received 32 sets of system outputs for the AVSD task,
from 9 teams, and eight system description papers were ac-
cepted (Sanabria, Palaskar, and Metze 2019) (Nguyen et
al. 2019) (Pasunuru and Bansal 2019) (Yeh et al. 2019)
(Zhuang, Wang, and Shinozaki 2019) (Kumar et al. 2019)
(Lin et al. 2019) (Le et al. 2019).

In this section, we summarize the techniques used in the
systems, including the baseline system for the challenge
track. The baseline system is an LSTM-based encoder de-
coder with Naı̈eve multimodal fusion in (Alamri et al. 2018).
This is a simplified version of (Hori et al. 2018), in which
multimodal fusion is performed without attention between
modalities such as audio and video features. The full set of
the test data was used in (Hori et al. 2018), on the other hand
the AVSD challenge at DSTC7 selected 2,000 responses
from the full set.

Table 3 shows the baseline and submitted systems with
their brief specifications including Encoder-decoder Model
type, Multimodal fusion type, and Additional techniques,
models and data sets. Most systems employed an LSTM,
Bi-LSTM or GRU encoder/decoder. Some systems used a
hierarchical and attention frameworks. Furthermore, several
additional techniques are introduced to improve the response
quality such as MMI, Episodic Memory Module.



Table 3: Submitted systems to the AVSD Track.
Team Encoder-decorder type Multimodal fusion type Additional techniques/data

baseline LSTM Naı̈ve fusion
team 1 Bidirectional Gated Recurrent Units (GRU) based en-

code, Conditional Gated Recurrent Units (CGRU) based
decoder

Hierarchical attention ResNeXt, Transfer learning
using How2 dataset

team 2 FiLM Attention Hierarchical Recurrent Encoder De-
coder (FA-HRED), LSTM

Naı̈ve fusion FiLM

team 3 Dual attention LSTM encoder, Cross-attention fusion Similarity matrix
team 4 LSTM/GRU encoder, Top-down Attention LSTM/GRU

decoder
Muti-stage fusion, 1x1 Convolution fu-
sion, Multi-head Attention

team 5 Bi-LSTM and LSTM encoder, LSTM decoder Attentional multimodal fusion MMI objective
team 6 LSTM encoder-decoder Attentional multimodal fusion Topic-base Conceptual model,

ConvNet, AclMet
team 7 – – –
team 8 Bi-LSTM/LSTM encoder, Attention-based GRU en-

coder, LSTM decoder
Entropy-enhanced Dynamic Memory
Network (DMN)

Episodic Memory Module

team 9 GRU encoder-decoder Question-to-Caption/Multimodal atten-
tion

+Team 7 did not submit a system description paper to the DSTC7 workshop.

Evaluation
In this challenge, the quality of a system’s automatically
generated sentences is evaluated using objective measures
to determine how similar generated responses and ground
truths by humans and how much natural and informative as
responses. To collect more possible answers in response to
the questions for the test videos, we asked 5 humans to watch
a video and read a dialogue between a questioner and an
answer about the video, and then to generate an answer in
response to the question. We evaluated the automatic gener-
ated answers by comparing with the 6 ground truths con-
sisting of one original answer and 5 newly collected an-
swers. We used the MSCOCO evaluation tool for objec-
tive evaluation of system outputs 2. The supported metrics
include word-overlap-based metrics such as BLEU, ME-
TEOR, ROUGE L, and CIDEr.

Furthermore, we collected human ratings for each system
response using 5 point Likert Scale, where humans rated
system responses given a dialog context by 5 level scores as:
5 for Very good, 4 for Good, 3 for Acceptable, 2 for Poor,
1 for Very poor. Since we used a question answering dia-
log dataset, we asked humans to consider correctness of the
answers and also naturalness, informativeness, and appro-
priateness of the response according to the given context.

Figures 2-4 show the human ratings for each system in
several ways. The systems are shown in the same order on
the X axis for all three figures. Figure 2 shows the mean and
the standard deviation of the human ratings for each system
(across all responses and all raters for that system). Figure
3 shows the distributions of the mean human rating score
for each sentence for each system. Figure 4 shows the dis-
tribution of all human rating scores for each system across
all sentences. In this Figure, the area for each score of the
violinplot shows a count of the number of scores of each
level on the Likert scale. The ”Reference” system (at the

2https://github.com/tylin/coco-caption

Figure 2: Mean and standard deviation of human rating
score.

far left of each figure) is ratings for the sentences extracted
from the original QA data of the AVSD dataset. The Refer-
ence system had the best human ratings: it had the highest
mean rating in Fig. 2, the highest median sentence rating in
Fig. 3 and the most sentences rated as level 5 (”Very good”)
in Fig. 4. The worst system (at the right) had a much lower
mean rating, and a long tail of poorly rated sentences.

The human rating for end-to-end conversation models for
Twitter costumer services reported in (Hori et al. to appear
in 2018) shows various quality from 1 to 5. On the other
hand, the human rating for the AVSD track split into the
binary class such as ”good” and ”bad”. This is because the
quality of the answers depends on the answer correctness
in response to the questions and the incorrect answers result
in more drastic changes of the human rating scores. The best
system generated more correct answers and the worst system
generated incorrect answers mostly.



Table 4: Evaluation results with word-overlapping-based objective measures based on 6 references and a subjective measure
based on 5-level ratings for the AVSD track. The details of the system description will be added after getting the system
description papers from the system submitters.

Figure 3: Distribution of human scores averaged sentence by
sentence.

Conclusion
We introduced a new challenge task and dataset for Audio
Visual Scene-Aware Dialog (AVSD) in DSTC7. This is the
first attempt to combine end-to-end conversation and end-
to-end multimodal video description models into a single

Figure 4: Distribution of human rating score for each level
of scores.

end-to-end differentiable network to build scene-aware dia-
log systems. The best system using ”Hierarchical Attention
mechanisms to combine text and vision” improved by 22%
of the human rating score from the baseline system. The lan-
guage models trained from the QA are still strong and the



power to capture ques to predict the objects and events in the
video is not sufficient to answer the questions accurately. Fu-
ture work includes more detailed analysis of the correlation
between the QA text and the video scenes.
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