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Visual Dialog

Multi-view Attention Network for Visual Dialog

• Park, S.∗,Whang, T.∗, Yoon, Y., & Lim, H. (2021). Multi-view attention network for visual dialog. Applied Sciences, 11(7), 3009.

• Gihtub : https://github.com/taesunwhang/MVAN-VisDial

01.개요

• 인간은 어떤 목적을 효율적으로 달성하기 위해 대화를 하는가 하면 단순히 재미를 위해 대화를 나누기도 합니다. 이에

관련 있는 연구분야로는 Task-oriented dialog system, Open-dmain dialog system(chatbot)가 존재하며 NLG, NLU분야에서

매우 가치 있는 연구 주제입니다. 한편, 실제 인간이 대화를 할 때 시각적 요소의 비중은 언어적 정보만큼 중요합니다.

• Visual Dialog1는 시각적 정보를 인지하는 dialog system연구의 시발점이라 할 수 있습니다. Visual Dialog agent는 이미지,

해당 이미지에 대한 대화 히스토리를 바탕으로 현재 turn에 들어온 질문에 대해 retrieval또는 generative방식으로 질문에

대한 가장 적절한 응답을 사용자에게 제공해 주는 것을 목표로 합니다.

• 현재 turn의 질문에 coreference가 존재할 뿐만 아니라 image를 이해하여 답변을 해야 하기 때문에 single-round 형태인

Visual Question Answering (VQA)보다 더욱 까다롭습니다. Figure 1은 VQA와 Visual Dialog의 차이점을 나타냅니다.

Figure 2: Differences between image captioning, Visual Question
Answering (VQA) and Visual Dialog. Two (partial) dialogs are
shown from our VisDial dataset, which is curated from a live chat
between two Amazon Mechanical Turk workers (Sec. 3).

• Interacting with an AI assistant (Human: ‘Alexa – can
you see the baby in the baby monitor?’, AI: ‘Yes, I can’,
Human: ‘Is he sleeping or playing?’).

• Robotics applications (e.g. search and rescue missions)
where the operator may be ‘situationally blind’ and oper-
ating via language [40] (Human: ‘Is there smoke in any
room around you?’, AI: ‘Yes, in one room’, Human: ‘Go
there and look for people’).

Despite rapid progress at the intersection of vision and lan-
guage – in particular, in image captioning and visual ques-
tion answering (VQA) – it is clear that we are far from this
grand goal of an AI agent that can ‘see’ and ‘communicate’.
In captioning, the human-machine interaction consists of
the machine simply talking at the human (‘Two people are
in a wheelchair and one is holding a racket’), with no dia-
log or input from the human. While VQA takes a significant
step towards human-machine interaction, it still represents
only a single round of a dialog – unlike in human conver-
sations, there is no scope for follow-up questions, no mem-
ory in the system of previous questions asked by the user
nor consistency with respect to previous answers provided
by the system (Q: ‘How many people on wheelchairs?’, A:
‘Two’; Q: ‘How many wheelchairs?’, A: ‘One’).
As a step towards conversational visual AI, we introduce
a novel task – Visual Dialog – along with a large-scale
dataset, an evaluation protocol, and novel deep models.
Task Definition. The concrete task in Visual Dialog is the
following – given an image I , a history of a dialog con-
sisting of a sequence of question-answer pairs (Q1: ‘How
many people are in wheelchairs?’, A1: ‘Two’, Q2: ‘What
are their genders?’, A2: ‘One male and one female’), and
a natural language follow-up question (Q3: ‘Which one is
holding a racket?’), the task for the machine is to answer the
question in free-form natural language (A3: ‘The woman’).
This task is the visual analogue of the Turing Test.
Consider the Visual Dialog examples in Fig. 2. The ques-
tion ‘What is the gender of the one in the white shirt?’
requires the machine to selectively focus and direct atten-

tion to a relevant region. ‘What is she doing?’ requires
co-reference resolution (whom does the pronoun ‘she’ re-
fer to?), ‘Is that a man to her right?’ further requires the
machine to have visual memory (which object in the im-
age were we talking about?). Such systems also need to
be consistent with their outputs – ‘How many people are
in wheelchairs?’, ‘Two’, ‘What are their genders?’, ‘One
male and one female’ – note that the number of genders be-
ing specified should add up to two. Such difficulties make
the problem a highly interesting and challenging one.
Why do we talk to machines? Prior work in language-only
(non-visual) dialog can be arranged on a spectrum with the
following two end-points:
goal-driven dialog (e.g. booking a flight for a user) ←→
goal-free dialog (or casual ‘chit-chat’ with chatbots).
The two ends have vastly differing purposes and conflicting
evaluation criteria. Goal-driven dialog is typically evalu-
ated on task-completion rate (how frequently was the user
able to book their flight) or time to task completion [14,44]
– clearly, the shorter the dialog the better. In contrast, for
chit-chat, the longer the user engagement and interaction,
the better. For instance, the goal of the 2017 $2.5 Million
Amazon Alexa Prize is to “create a socialbot that converses
coherently and engagingly with humans on popular topics
for 20 minutes.”
We believe our instantiation of Visual Dialog hits a sweet
spot on this spectrum. It is disentangled enough from a
specific downstream task so as to serve as a general test of
machine intelligence, while being grounded enough in vi-
sion to allow objective evaluation of individual responses
and benchmark progress. The former discourages task-
engineered bots for ‘slot filling’ [30] and the latter discour-
ages bots that put on a personality to avoid answering ques-
tions while keeping the user engaged [64].
Contributions. We make the following contributions:
• We propose a new AI task: Visual Dialog, where a ma-

chine must hold dialog with a human about visual content.
• We develop a novel two-person chat data-collection pro-

tocol to curate a large-scale Visual Dialog dataset (Vis-
Dial). Upon completion1, VisDial will contain 1 dialog
each (with 10 question-answer pairs) on ∼140k images
from the COCO dataset [32], for a total of ∼1.4M dialog
question-answer pairs. When compared to VQA [6], Vis-
Dial studies a significantly richer task (dialog), overcomes
a ‘visual priming bias’ in VQA (in VisDial, the questioner
does not see the image), contains free-form longer an-
swers, and is an order of magnitude larger.

1VisDial data on COCO-train (∼83k images) and COCO-
val (∼40k images) is already available for download at https://

visualdialog.org. Since dialog history contains the ground-truth cap-
tion, we will not be collecting dialog data on COCO-test. Instead,
we will collect dialog data on 20k extra images from COCO distribution
(which will be provided to us by the COCO team) for our test set.
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Figure 1: VQA와 Visual Dialog

02.연구내용

• Figure 2은 Visual Dialog의 예시입니다. 이와 같이 Visual Dialog를 위한 AI agent는 대화가 진행됨에 따라 변화하는 질문의

주제를 명확히 파악해야 하며, Q5, Q6의 ”they”와 같은 지시대명사, 대명사 표현들이 야기하는 참조 모호성을 해결하고

더 나아가 이미지까지의 연결하는 능력이 있어야 합니다.

• 이러한 문제점을 풀기 위해, visual co-reference resolution의 관점에서의 방법론들이 제안되었습니다. 기존의 연구들로는

RNN 기반의 모델에서부터 Attention 기반의 모델, Transformer Encoder를 기반으로 하는 모델 등이 있으며, 최근에는

Vision & Language 사전학습 모델 기반으로 하는 연구가 좋은 성능을 보여주고 있습니다.

• 하지만, Visual co-reference를 해결한다고 해서 항상 질문의 의미론적 의도와 주제를 완전히 이해하는 것은 아닙니다.

예를 들어, Figure 2의 Q6 ”do they have any other snack?”의 의도는 ”snack”의 존재 여부이지, ”they”가 무엇을 지칭하는

지에 대해서 묻는 것은 아닙니다.

1Das et al. Visual Dialog. CVPR 2017.
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• 이러한 관점에서 본 프로젝트에서는 질의 기반 문맥 정보와 이전 대화 맥락에서의 단서를 활용하고, 연속적 정렬 프로세

스를 통해 이미지와 텍스트 정보를 효과적으로 연결하는 모델을 제안하였으며, VisDial v1.0데이터 셋에서 뛰어난 성능을

보였습니다.

Cap: 2 small kids eating large
carrots on a bed

Figure 2: Visual Dialog 예시

• Figure 3은 본 프로젝트에서 제안한 Multi-View Attention Network의 구조도입니다. 모델의 입력으로는 이미지, 이전

대화 기록 그리고 질문이 들어가게 되며, Topic Aggregation module과 Context Matching module을 통해 질문의 의도와

그에 상응하는 이전 대화 정보를 융합적으로 추출하고, Modality Alignment module을 통해 이미지와 텍스트 정보 간의

의미론적 연결합니다. 각 모듈의 효과는 뒤의 Ablation 실험에서도 확인할 수 있었습니다.
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Figure 3: Multi-View Attention Network (MVAN) 구조도

03.실험및결과

• 아래 표와 같이 VisDial v1.0 2 데이터에 대해 모델 성능 평가를 진행하였습니다. 기존 RNN기반의 모델에서부터 attention,
graph, Transformer기반의 모델들까지 baseline으로 설정하고 성능을 비교하였고, 두가지 주요 평가 지표인 MRR과 NDCG
에서 각각 좋은 성능을 보였으며 두 평가 지표를 평균 낸 경우 가장 높은 순위를 보여주었습니다.

2https://visualdialog.org/data
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4.1.3. Training Details

Our model is implemented using the PyTorch framework [31] based on open source
code (https://github.com/batra-mlp-lab/visdial-challenge-starter-pytorch (accessed on
26 March 2021)) from the work of Das et al. [7]. The question and dialog history are
represented using different BiLSTMs with 512 hidden states. The maximum sequence
lengths of the question and dialog history are set to 20 and 40, respectively. We set the batch
size to 32 and apply the Adam optimizer [32] with an initial learning rate of 0.00001, which
is gradually increased to 0.001 until epoch 2, then decay at epochs 6 and 7 with the decay
rate 0.1. Our code is publicly available (https://github.com/taesunwhang/MVAN-VisDial
(accessed on 26 March 2021)).

4.2. Quantitative Results
4.2.1. Discriminative Setting

We compare the results of our proposed model with previously published results
on the VisDial v1.0 dataset for the following methods: Late Fusion (LF) [7], Hierarchi-
cal Recurrent Encoder (HRE) [7], Memory Network (MN) [7], Graph Neural Network
(GNN) [12], Co-reference Neural Module Network (CorefNMN) [4], Recursive Visual At-
tention (RVA) [6], Synergistic Network [9], Dual Encoding Visual Dialogue (DualVD) [33],
Context-Aware Graph (CAG) [14], History-Aware Co-Attention (HACAN) [34], Consen-
sus Dropout Fusion (CDF) [11], Dual Attention Network (DAN) [5], and Factor Graph
Attention (FGA) [13].

Table 1 reports the quantitative results on the VisDial v1.0 under the discriminative
decoder setting. For VisDial v1.0, our MVAN model outperforms the previous state-of-the-art
methods with respect to NDCG and AVG and shows competitive results in non-NDCG
metrics. Specifically, MVAN achieves significant improvements in NDCG from 57.59 to 59.37
and is ranked first as a result of the average rank of NDCG and MRR, compared to the
state-of-the-art baseline. We also report the results for an ensemble of 10 independent models
that were trained with random initial seeds. This leads to further performance improvements
in NDCG from 59.37 to 60.92 and MRR from 64.84 to 66.38. These results indicate that MVAN
not only has an accurate prediction ability, as indicated by the non-NDCG metric results (i.e.,
MRR, R@k, and Mean), but it has a powerful generalization capability given the result of
NDCG score because this metric considers several relevant answers to be correct.

Table 1. Results on VisDial v1.0 (test-std). † denotes ensembles. Existing works [17,18] based on pre-trained
models are not reported for the fair comparison. The numbers in the brackets indicate rankings of the
models in Normalized Discounted Cumulative Gain (NDCG) and Mean Reciprocal Rank (MRR) metrics.

Model AVG ↓ NDCG ↑ MRR ↑ R@1 ↑ R@5 ↑ R@10 ↑ Mean ↓
LF [7] 12 45.31 (13) 55.42 (12) 40.95 72.45 82.83 5.95
HRE [7] 12 45.46 (12) 54.16 (13) 39.93 70.45 81.50 6.41
MN [7] 11 47.50 (11) 55.49 (11) 40.98 72.30 83.30 5.92
GNN [12] 10 52.82 (10) 61.37 (10) 47.33 77.98 87.83 4.57
CorefNMN [4] 9 54.70 (9) 61.50 (9) 47.55 78.10 88.80 4.40
RVA [6] 8 55.59 (8) 63.03 (7) 49.03 80.40 89.83 4.18
DualVD [33] 7 56.32 (7) 63.23 (5) 49.25 80.23 89.70 4.11
Synergistic [9] 6 57.32 (3) 62.20 (8) 47.90 80.43 89.95 4.17
CAG [14] 5 56.64 (6) 63.49 (4) 49.85 80.63 90.15 4.11
DAN [5] 4 57.59 (2) 63.20 (6) 49.63 79.75 89.35 4.30
HACAN [34] 3 57.17 (4) 64.22 (3) 50.88 80.63 89.45 4.20
FGA [13] 2 56.90 (5) 66.20 (1) 52.75 82.92 91.07 3.80
MVAN (ours) 1 59.37 (1) 64.84 (2) 51.45 81.12 90.65 3.97

Synergistic † [9] 5 57.88 (4) 63.42 (5) 49.30 80.77 90.68 3.97
CDF † [11] 2 59.49 (2) 64.40 (4) 50.90 81.18 90.40 3.99
DAN † [5] 2 59.36 (3) 64.92 (3) 51.28 81.60 90.88 3.92
FGA † [13] 2 57.20 (5) 69.30 (1) 55.65 86.73 94.05 3.14
MVAN † (ours) 1 60.92 (1) 66.38 (2) 53.20 82.45 91.85 3.68

• MVAN은 크게 세 개의 모듈로 이루어져 있으며, Figure 4은 각 모듈의 Attention score에 대한 시각화입니다. 해당 시각화를

통해, 답변 추론 시 AI agent가 이미지의 어느 영역과 대화 히스토리의 어떤 단어들에 집중하는지 간접적으로 해석할 수

있었습니다.

Q5: what are they drinking?

H1: is this in a public setting? yes
H2: can you see the type of pizza? 
appears to be  cheese and a deep dish
H3: how many males and how many 
females? 3 of each

GT: sodas, water and beer (1) 
Prediction: sodas, water and beer

H4: any windows visible? no

H0: 6 people are sitting around a table 
with 2 pizzas and drinks

GT: 3 of each (1) 
Prediction: 3 of each

Q3: how many males and how many females?

H1: is this in a public setting? yes
H2: can you see the type of pizza? 
appears to be cheese and a deep dish

H0: 6 people are sitting around a table 
with 2 pizzas and drinks

Q6: can you see the net?

H1: are the women facing each other? no

H2: do they have long hair? no

H3: are they wearing visors? no

GT: no (1) 
Prediction: no

H4: are they wearing shorts or skirts? 1 
shorts, 1 a skirt
H5: are they wearing hats? 1 is

GT: 1 shorts, 1 a skirt (1) 
Prediction: 1 shorts, 1 a skirt

Q4: are they wearing shorts or skirts?

H1: are the women facing each other? no

H2: do they have long hair? no

H3: are they wearing visors? no

H0: 2 women stand on a tennis court
holding rackets

(b) (a)  

H0: 2 women stand on a tennis court
holding rackets

Figure4: MVAN모듈별 Attention score시각화. Attention score는 강조표시로 나타내었으며, 진할수록 높은 Attention
score를 의미합니다.
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