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Unbiased Scene Graph Generation from Biased Training
CVPR 2020

Today’s scene graph generation (SGG) task is still
far from practical, mainly due to the severe training .
bias, e.g., collapsing diverse human walk on/ sit» SGG@EE’j ﬂtﬁ: ?i?&ﬁg
on/lay on beach into human on beach. Given
such SGG, the down-stream tasks such as VQA can hardly
infer better scene structures than merely a bag of objects.
However, debiasing in SGG is not trivial because tradi-
tional debiasing methods cannot distinguish between the
good and bad bias, e.g., good context prior (e.g., person
read book rather than eat) and bad long-tailed bias
(e.g., near dominating behind/in front of). Inthis
aper, $x#%a‘3£%: E%ﬁ&ﬁ
e first build
a causal graph for SGG, and perform traditional biased

training with the graph. Then, we propose to draw the =
counterfactual causality from the trained graph to infer- $x£1$ B':’J mﬁ :
WRERBE-->RFEXEIF-->MLTEEH R

= SGGH&p B B . RE 91 EPI#F R

the effect from the bad bias, which should be removed. In
particular, we use Total Direct Effect as the proposed fi-
nal predicate score for unbiased SGG.

. biased predic EXFEPM G
By using the proposed Scene Graph Diagnosis toolkii on
the SGG benchmark Visual Genome and several prevailing e MBITTER, T gim

models, we observed significant improvements over the pre-

vious state-of-the-art methods. ¢ %E ﬁ 513‘( % i’:‘, 2':1 #ﬁ' S OTA
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Abstract

Fact-based Visual Question Answering (FVQA) re-
quires external knowledge beyond visible content
to answer questions about an image, which is chal-
lenging but indispensable to achieve general VQA.
One limitation of existing FVQA solutions is that
they jointly embed all kinds of information with-
out fine-grained selection, which introduces unex-
pected noises for reasoning the final answer. How
to capture the question-oriented and information-
complementary evidence remains a key challenge
to solve the problem. In this paper, we depict
an image by a multi-modal heterogeneous graph,
which contains multiple layers of information cor-
responding to the visual, semantic and factual fea-
tures. On top of the multi-layer graph representa-
tions, we propose a modality-aware heterogeneous
graph convolutional network to capture evidence
from different layers that is most relevant to the
given question. Specifically, the intra-modal graph
convolution selects evidence from each modality
and cross-modal graph convolution aggregates rel-
evant information across different modalities. By
stacking this process multiple times, our model
performs iterative reasoning and predicts the opti-
mal answer by analyzing all question-oriented ev-
idence. We achieve a new state-of-the-art perfor-
mance on the FVQA task and demonstrate the ef-
fectiveness and interpretability of our model with
extensive experiments. The code is available at
https://github.com/astro-zihao/mucko.

1 Introduction

Visual question answering (VQA) [Antol e al., 2015] is an
attractive research direction aiming to jointly analyze multi-
modal content from images and natural language. Equipped
with the capacities of grounding, reasoning and translating,
a VQA agent is expected to answer a question in natural lan-
guage based on an image. Recent works [Cadene et al., 2019;

“Equal contribution.
fCorresponding author.
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Figure 1: An illustration of our motivation. We represent an im-
age by multi-layer graphs and cross-modal knowledge reasoning is
conducted on the graphs to infer the optimal answer.

Li er al., 2019b; Ben-Younes et al., 2019] have achieved
great success in the VQA problems that are answerable by
solely referring to the visible content of the image. How-
ever, such kinds of models are incapable of answering ques-
tions which require external knowledge beyond what is in the
image. Considering the question in Figure 1, the agent not
only needs to visually localize ‘the red cylinder’, but also to
semantically recognize it as ‘fire hydrant’ and connects the
knowledge that ‘fire hydrant is used for firefighting’. There-
fore, how to collect the question-oriented and information-
complementary evidence from visual, semantic and knowl-
edge perspectives is essential to achieve general VQA.

To advocate research in this direction, [Wang et al., 2018]
introduces the ‘Fact-based” VQA (FVQA) task for answering
questions by joint analysis of the image and the knowledge
base of facts. The typical solutions for FVQA build a fact
graph with fact triplets filtered by the visual concepts in the
image and select one entity in the graph as the answer. Ex-
isting works [Wang er al., 2017; Wang et al., 2018] parse the
question as keywords and retrieve the supporting-entity only
by keyword matching. This kind of approaches is vulnera-
ble when the question does not exactly mention the visual
concepts (e.g. synonyms and homographs) or the mentioned
information is not captured in the fact graph (e.g. the visual

attribute ‘red’ in Figure 1 may be falsely omitted). To re-
solve these problems, [Narasimhan et al., 2018] introduces
visual information into the fact graph and infers the answer
by implicit graph reasoning under the guidance of the ques-
tion. However, they provide the whole visual information
equally to each graph node by concatenation of the image,
question and entity embeddings. Actually, only part of the
visual content are relevant to the question and a certain entity.
Moreover, the fact graph here is still homogeneous since each
node is represented by a fixed form of image-question-entity
embedding, which limits the model’s flexibility of adaptively
capturing evidence from different modalities.

In this work, we depict an image as a multi-modal hetero-
geneous graph, which contains multiple layers of information
corresponding to different modalities. The proposed model is
focused on Multi-Layer Cross-Modal Knowledge Reasoning
and we name it as Mucko for short. Specifically, we encode
an image by three layers of graphs, where the object appear-
ance and their relationships are kept in the visual layer, the
high-level abstraction for bridging the gaps between visual
and factual information is provided in the semantic layer,
and the corresponding knowledge of facts are supported in
the fact layer. We propose a modality-aware heterogeneous
graph convolutional network to adaptively collect comple-
mentary evidence in the multi-layer graphs. It can be per-
formed by two procedures. First, the Intra-Modal Knowledge
Selection procedure collects question-oriented information
from each graph layer under the guidance of question; Then,
the Cross-Modal Knowledge Reasoning procedure captures
complementary evidence across different layers.

The main contributions of this paper are summarized as
follows: (1) We comprehensively depict an image by a het-
erogeneous graph containing multiple layers of information
based on visual, semantic and knowledge modalities. We
consider these three modalities jointly and achieve significant
improvement over state-of-the-art solutions. (2) We propose a
modality-aware heterogeneous graph convolutional network
to capture question-oriented evidence from different modal-
ities. Especially, we leverage an attention operation in each
convolution layer to select the most relevant evidence for the
given question, and the convolution operation is responsible
for adaptive feature aggregation. (3) We demonstrate good
interpretability of our approach and provide case study in
deep insights. Our model automatically tells which modality
(visual, semantic or factual) and entity have more contribu-
tions to answer the question through visualization of attention
weights and gate values.
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Abstract

Fact-based Visual Question Answering (FVQA) re-
quires external knowledge beyond visible content
to answer questions about an image, which is chal-
lenging but indispensable to achieve general VQA.
One limitation of existing FVQA solutions is that
they jointly embed all kinds of information with-
out fine-grained selection, which introduces unex-
pected noises for reasoning the final answer. How
to capture the question-oriented and information-
complementary evidence remains a key challenge
to solve the problem. In this paper, we depict
an image by a multi-modal heterogeneous graph,
which contains multiple layers of information cor-
responding to the visual, semantic and factual fea-
tures. On top of the multi-layer graph representa-
tions, we propose a modality-aware heterogeneous
graph convolutional network to capture evidence
from different layers that is most relevant to the
given question. Specifically, the intra-modal graph
convolution selects evidence from each modality
and cross-modal graph convolution aggregates rel-
evant information across different modalities. By
stacking this process multiple times, our model
performs iterative reasoning and predicts the opti-
mal answer by analyzing all question-oriented ev-
idence. We achieve a new state-of-the-art perfor-
mance on the FVQA task and demonstrate the ef-
fectiveness and interpretability of our model with
extensive experiments. The code is available at
https://github.com/astro-zihao/mucko.
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Introduction

Visual question answering (VQA) [Antol et al., 2015] is an
attractive research direction aiming to jointly analyze multi-
modal content from images and natural language. Equipped
with the capacities of grounding, reasoning and translating,
a VQA agent is expected to answer a question in natural lan-
guage based on an image. Recent works [Cadene et al., 2019;
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Figure 1: An illustration of our motivation. We represent an im-
age by multi-layer graphs and cross-modal knowledge reasoning is
conducted on the graphs to infer the optimal answer.

Li et al., 2019b; Ben-Younes et al., 2019] have achieved
great success in the VQA problems that are answerable by
solely referring to the visible content of the image. How-
ever, such kinds of models are incapable of answering ques-
tions which require external knowledge beyond what is in the
image. Considering the question in Figure 1, the agent not
only needs to visually localize ‘the red cylinder’, but also to
semantically recognize it as ‘fire hydrant’ and connects the
knowledge that ‘fire hydrant is used for firefighting’. There-
fore, how to collect the question-oriented and information-
complementary evidence from visual, semantic and knowl-
edge perspectives is essential to achieve general VQA.

To advocate research in this direction, [Wang et al., 2018]
introduces the ‘Fact-based” VQA (FVQA) task for answering
questions by joint analysis of the image and the knowledge
base of facts. The typical solutions for FVQA build a fact
graph with fact triplets filtered by the visual concepts in the
image and select one entity in the graph as the answer. Ex-
isting works [Wang et al., 2017; Wang et al., 2018] parse the
question as keywords and retrieve the supporting-entity only
by keyword matching. This kind of approaches is vulnera-
ble when the question does not exactly mention the visual
concepts (e.g. synonyms and homographs) or the mentioned
information is not captured in the fact graph (e.2. the visual
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weights and gate values.
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Dense Captions

Woman is wearing blue shorts.
Red fire hydrant on the M
sidewalk.

JueIpAy a1y

‘Woman is next to fire hydrant.

%

Chain on fire hydrant.

N z

Question S Wanon| |
What is the red cylinder object - o=
=

R B ETT A

visual
semantic

fact

P
e IpIs

, UsedFor, firefighting> Answer: firefighting ]

Visual Question Answering. The typical solutions for
VQA are based on the CNN-RNN architecture [Malinowski
et al., 2015] and leverage global visual features to repre-
sent image, which may introduce noisy information. Vari-
ous attention mechanisms [Yang et al., 2016; Lu et al., 2016;
Anderson et al., 2018] have been exploited to highlight vi-
sual objects that are relevant to the question. However, they
treat objects independently and ignore their informative rela-
tionships. [Battaglia et al., 2018] demonstrates that human’s
ability of combinatorial generalization highly depends on the
mechanisms for reasoning over relationships. Consistent with
such proposal, there is an emerging trend to represent the
image by graph structure to depict objects and relationships
in VQA and other vision-language tasks [Hu et al., 2019b;
Wang et al., 2019a; Li ef al., 2019b]. As an extension, [Jiang
et al., 2020] exploits natural language to enrich the graph-
based visual representations. However, it solely captures the
semantics in natural language by LSTM, which lacking of
ne-grained correlations wi € visual information. 10 g
Oné step further, we depict an image by multiple layers of

graphs from visual, semantic and factual perspectives to col-
lect fine-grained evidence from different modalities.

XTIE

~ S (YK N
E TR R [ ZTTE
Fact-based Visual Question Answering. Human can eas-
ily combine visual observation with external knowledge for
answering questions, which remains challenging for algo-
rithms. [Wang et al., 2018] introduces a fact-based VQA
task, which provides a knowledge base of facts and associates
each question with a supporting-fact. Recent works based
on FVQA generally select one entity from fact graph as the
answer and falls into two categories: query-mapping based
methods and learning based methods. [Wang et al., 2017] re-
duces the question to one of the available query templates and
this limits the types of questions that can be asked. [Wang et
al., 2018] automatically classifies and maps the question to
a query which does not suffer the above constraint. Among
both methods, however, visual information are used to ex-
tract facts but not introduced during the reasoning process.
[Narasimhan er al., 2018] applies GCN on the fact graph
where each node is represented by the fixed form of image-

question-entity embedding. However. the visual information
s wholl ided whic tod lundant informa.

ion for prediction. In thi; I 1Dt an im multi-
layer graphs and perform cross-modal heterogeneous graph

reasoning on them to capture complementary evidence from
different layers that most relevant to the question.

"~ Heterogeneous Graph Neural Networks. Graph neu-

N atum in the last few
7E-|"-7|"£§J @?ﬂié'élﬂﬁﬁji }% d with homogeneous
Zrapirs, TIECTUEENCUUS Zrapirs dic more common in the real
world. [Schlichtkrull et al., 2018] generalizes graph convo-
lutional network (GCN) to handle different relationships be-
tween entities in a knowledge base, where each edge with
distinct relationships is encoded independently. [Wang e al.,
2019b; Hu et al., 2019a] propose heterogeneous graph atten-
tion networks with dual-level attention mechanism. All of
these methods model different types of nodes and edges on

a unified graph. In contrast, the heterogeneous graph in this
] : Jtinle | s ] Si—

nsi f n n ming from different modali-
ties. For this specific constrain, we propose the intra-modal
and cross-modal graph convolutions for reasoning over such
multi-modal heterogeneous graphs.
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Mucko: Multi-Layer Cross-Modal Knowledge Reasoning for Fact-based Visual
Question Answering

Multi-Modal Heterogeneous Graph Construction Cross-Modal Heterogeneous Graph Reasoning
SpatislRelatiopshink——. B Visual Graph Intra-Modal Cross-Modal
. . ' Knowledge Selection Knowledge Reasoning
Object Regions v N
1~ { v \
Faster fire hydrant — > el ! )
CRCNN | person —— Visual-to-Fact Conv.
" AN
Candidate Facts
<Fire hydrant, UsedFor, Firefighting> . Street
v <Fire hydrant, AtLocation, Street> Firefighting 'Fact-to-Fag¢
Knowledge  Fact Retrieval R <Fire hydrant, HasProperty, Red> — 2 "Aggr.
base of facts Fire hydrant
[For,
Y <Car, UsedFor, Transport> Car(-UsedFor, -~ ransport Car o UsedFor _g Transport
. - — Dense Captions Semantic Graph Red
X::l?;l;s tehz re;;;;];:;i er objectin yoman is wearing blue shorts. Shorts
1 s u . -
(g) ti Red fire hydrant on the sidewalk. s:;:::::c orts
uestion Woman is next to fire hydrant, _ "*rin , > % Fire hydrant >
DenseCap oo \
~ Chain on fire hydrant. - Sidewalk | Woman Sidewalk Semantic-to-Fact Con\"l.”

/

~

Figure 2: An overview of our model. The model contains two modules: Multi-modal Heterogeneous Graph Construction aims to depict an
image by multiple layers of graphs and Cross-modal Hetegeneous Graph Reasoning supports intra-modal and cross-modal evidence selection.
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: Multi-modal Heterogeneous Graph Construction aims to depict an

Reasoning supports intra-modal and cross-modal evidence selection.
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froo = r(f) € {7} ({7} contains top-3 predicted relation-
ships in experiments). Then a fact graph G = (V¥ £F) is
built upon f.; as the candidate facts can be naturally orga-
nized as graphlcal structure.  Each node v/ € VI denotes
an entity in f,.; and is represented by GloVe embeddmg of
the entity, denoted as /. Each edge ¢f; € £ denotes the
relationship between v/ and vj and is represented by GloVe
embedding 7;;. The topological structure among facts can be
effectively exploited by jointly considering all the entities in
the fact graph.

mal Concept i the 1mage, €5 15 an am
or phrase and r represents the relationship between e; and
es. The key is to choose a correct entity, i.e. either e; or
o, from the supporting fact as the predicted answer. We first
introduce a novel scheme of depicting an image by three lay-
ers of graphs, including the visual graph, semantic graph and
fact graph respectively, imitating the understanding of various
properties of an object and the relationships. Then we per-
form cross-modal heterogeneous graph reasoning that con-
sists of two parts: Intra-Modal Knowledge Selection aims
to choose question-oriented knowledge from each layer of]
graphs by intra-modal graph convolutions, and Cross-Modal
Knowledge Reasoning adaptively selects complementary ev-
idence across three layers of graphs by cross-modal graph
convolutions. By stacking the above two processes multiple
times, our model performs iterative reasoning across all the
modalities and results in the optimal answer by jointly ana-
lyzing all the entities. Figure 2 gives detailed illustration of]

our model.

| 3.1 Multi-Modal Graph Construction | B
Visual Graph Construction. Since most of the que
in FVQA grounded in the visual objects and their re
ships, we construct a fully-connected visual graph to
sent such evidence at appearance level. Given an image @
O = {0;}£, (K = 36), where each object 0; is asscuiawn
with a visual feature vector v; € Rdv (d, =2048), a spatial
feature vector b; € R% (d;, = 4) and a corresponding label.

Snecificallv h. = [r. 2. an. h.] where (. 1. h. and

FANIEEENAFT

node set and each node v} corresponds to a detected object
0;. The feature of node v} is represented by v)". Each edge

V. € £V denotes the relative spatial relationships between
two objects. We encode the edge feature by a 5-dimensional

Vo [Zi=®i Yi~Yi h
vector, i.e. T} —‘r,—‘r,;‘yﬁf»u, ]

Semantic Graph Construction. In addition to visual in-

formation, high-level abstraction of the objects and relation-
ships by natural language provides essential semantic infor-
mation. Such abstraction is indispensable to associate the vi-
sual objects in the image with the concepts mentioned in both

uestions and facts. In our work, we leverage dense captions

tics in an 1mage rangmg from the properties of a single ob-
ject (color, shape, emotion, etc.) to the relationships between
objects (action, spatial positions, comparison, efc.). We de-
cipt an image by D dense captions, denoted as Z = {z;}2,
where z; is a natural language description about a local re-
gion in the image. Instead of using monolithic embeddings to
represent the captions, we exploit to model them by a sgraph-
based semantic representation, denoted as G5 = £9),
which is constructed by a semannc graph parsing model [An-
derson et al., 2016]. The node vy € VS represents the name
or attribute of an object extracted from the captions while the

edge e € £ represents the relationship between v¥ and

R B3 AR R
. \Eﬂ* I Paxyy
RILEBHE I
base of facts following a scored based approach proposed in
[Narasimhan et al.. 2018]. We compute the cosine similarit
of the embeddings of every word in the fact with'the words in
cepts detected in the
) assign a similarity
E,] djm*ﬂ E *]; ased on the similar-
retained, denoted as
fwo A relation type classifier is trained additionally to fur-
ther filter the retrieved facts. Specifically, we feed the last
hidden state of LSTM to an MLP layer to predict the rela-
tion type 7; of a question. We retain the facts among fygo
only if their relationships agree with 7;, i.e. foq = f €

Since each layer of graphs contains modality-specific knowfj-
edge relevant to the question, we first select valuable evj-
dence independently from the visual graph, semamlc gra
and fact graph by Visual-to-Visual Convoluti tig-
to-Semantic Convolution and Fact-to-Fact Convolution r§-
spectively. These three convolutions share the common opeff-
ations but differ in their node and edge representations corre-
sponding to the graph layers. Thus we omit the superscript
of node representation v and edge representation 7 in the rest
of this section. We first perform attention operations to high-
light the nodes and edges that are most relevant to the ques-
tion ¢ and consequently update node representations via intra-
modal graph convolution. This process mainly consists of the
following three steps:

Question-guided Node Att

e first evaluate the

the question by at-
tention mechanism. The attention weight for v; is computed
as:

; = softmax(w! tanh(W,v; + Waq)) (1)

where W;,W, and w, (as well as Wi,..., Wy, wy, w,. men-
tioned below) are learned parameters. ¢ is question embed-
ding encoded by LSTM.

der the guidance of
ce of edge ¢;; con-
stramed by the neighbor node v; regarding to v; as:

Question-guided Edge A

Bii~ softmax(wb tanh(W;;vf +Wiq')) (2)

where v
cateri:

Ws[vj,rj,] q' = Wg[v;, g and [-,] denotes
ion )

iven the node and
and Eq. 2, the node

renresentations of each laver of omnhe are undated following

:E%@JEﬁﬂWﬂﬂ'w

mi =Y B;iv] ©)
JEN:
©; = ReLU(Wz[m,;, a;v;]) )

where N is the neighborhood set of node v;.
We conduct the above intra-modal knowledge selection on
GV, G5 and G independently and obtain the updated node

representations, denoted as {6}, {85}V and {6}
accordinolv

3.3 Cross-Modal Knowledge Reasoning

q y, we Tully cons
plementary evidence from visual, semantic and factual in-
formation. Since the answer comes from one entity in the

fact graph, we gather complementary information from visual
graph and semantic graph to fact graph by cross-modal con-
volutions, including visual-to-fact convolution and semantic-

- i : -
formed on the fact graph to reason over all the entities and
form a global decision.

F

Visual-to-Fact Convolution. For the entity v; in fact

graph, the attention value of each node 'uJV in the visual graph
w.r.t. v!" is calculated under the guidance of question:

7}’;F=softmax(wl.tanh(waﬁ]v + W[ q])) 5)

The complementary information m!” from visual graph

for v/ is computed as:
= 5 ©
JENV

Semantic-to-Fact C luti The compl y infor-
mation m$” from the semantic graph is computed in the
same way as in Eq. 5 and Eq. 6.

Then we fuse the complementary knowledge for v/ from
three layers of graphs via a gate operation‘

\mSF oF) @

= Wy (gate; o [m!"",mi" o") (8)
where o is sngmmd function and “o” denoles element-wise
product.

Fact-to-Fact Aggregation. Given a set of candidate enti-
ties in the fact graph G¥, we aim to globally compare all the
entities and select an optimal one as the answer. Now the rep-
resentation of each entity in the fact graph gathers question-
oriented information from three modalities. To jointly evalu-
ate the possibility of each entity, we perform the attention-
based graph convolutional network similar to Fact-to-Fact
Convolution introduced in Section 3.2 to aggregate informa-
tion in the fact graph and obtain the transformed entity repre-
sentations.

We iteratively perform intra-modal knowledge selection
and cross-modal knowledge reasoning in multiple steps to ob-
tain the final entity representations. After 7" steps, each en-

tity representation T;iF ™) captures the structural information

within 7"-hop neighborhood across three layers.

gate, = U(Wm[m

l 3.4 Learning

The concatenation of entity representation ﬁi-F ™) and ques-

tion embedding q is passed to a binary classifier to predict its
probability as the answer , i.e. §; = pg([i?fm, q]). We apply
the binary cross-entropy loss in the training process:

lp=— Z [u-z,ln;l},-+b-(1—yi)ln(l—g,)] 9)
iENF

where y; is the ground truth label for v/ and a,b represent

loss function weights for positive and negative samples re-

spectively. The entity with the largest probability is selected

ac the final ancwer

ZER:
ZHH 2
EH2
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Seeing Is Knowing! Fact-based Visual Question Answering

Using Knowledge Graph Embeddings
arxiv

Our approach

The proposed architecture for FVQA is shown in Fig.|2| As
shown, a given image / and query ¢ are combined via coAt-
tention to form two entity query vectors, fxvc(q,I) and

frxB(q,I). The KG is then queried for the answer to the ﬁj‘ﬁ\‘\,
question, according to ﬁ?‘ Z
argn;ax frve(e. I)Te grvelq) =1
i(all) = ec 2)
y(Q| ) argn::ax fKB(Qa I)T6 gKVC(Q) — 0 (
ec

where the gating function gxyc(q) € {0,1} is equal to 1
if the text of the question indicates that the answer is visible
in the image, equal to 0 otherwise. The rest of this section
addresses representations of the entities, image, and query,
the information fusion functions, the gating function, and the
loss function.
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Transformer Reasoning Network for Image-Text Matching and Retrieval
2020 ICPR

Region and Word Features

I and C descriptions come from state-of-the-art visual and

textual pre-trained networks, Faster-RCNN with Bottom-Up

attention, and BERT respectively. ? ‘.
Faster-RCNN [31] is a state-of-the-art object detector. It %ﬁ

has been used in many downstream tasks requiring salient aﬁﬂ -

object regions extracted from images. The authors in [32] %7\“

introduced bottom-up visual features by training Faster-RCNN ?

with a Resnet-101 backbone on the Visual Genome dataset

[33]. Using these features, they were able to reach remarkable

results on the two downstream tasks of image captioning and

visual question answering. Therefore, in our work we employ

the bottom-up features extracted from every image as image

description I = {rg,r1,...Tn }.

Structured Multi-modal Feature Embedding and Alignment for Image-Sentence Retrieval
2020 ACM MM

3.1.1  Visual representations. To better represent the salient entities

and attributes in images, we take advantage of bottom-up-attention

network [1] to embed the extracted sub-regions in an image. Specif- Ood C
ically, given an image I, we extract a set of image fragment-level G
sub-region features V = {v1,--- ,0x}, 05 € R2048 \where K is the

number of selected sub-regions, from the average pooling layer in

Faster-RCNN [25].

ase’
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Table 1 X Table 2 Table 3
State-of-the-art comparison on FVQA dataset. State-of-the-art comparison on Visual7/W + KB State-of-the-art comparison on OK-VQA dataset. We show the results for the full OK-VQA dataset and for each knowledge category (top-1 accuracy):
Vehicles and Transportation (VT); Brands, Companies and Products (BCP); Objects, Material and Clothing (OMC); Sports and Recreation (SR); Cooking
Overall accuracy dataset. and Food (CF); Geography, History, Language and Culture (GHLC); People and Everyday Life (PEL); Plants and Animals (PA); Science and Technology (ST);
Method Weather and Climate (WC); and Other.
top-1  top-3 Overall accuracy
Overall accuracy
LSTM-Q + Image + Pre-VQA [4] 2498  40.40 Method top-1 top-3 Method top-1  top3 VT BCP  OMC SR CF GHLC PEL  PA ST WC  Other
Hie-Q + Image + Pre-VQA [4] 4314 5944 Q-Only [21] 1493 - 1464 1419 1178 1594 1692 1191 1402 1428 1976 2574 1351
FVQA (top-3-QQmaping) [4] 5691  64.65 KDMN-NoKnowledge [20]  45.1 - MLP [21] 2067 - 2133 1581 1776 2469 2181 1191 1715 2133 1929 2992 1981
FVQA (Ensemble) [4] 58.76 - E BAN [44] 2517 - 2379 17.67 2243 3058 2790 2596 20.33 2560 2095 40.16  22.46
Straight to the Facts (STTF) [19] 6220  75.60 KDMN-NoMemory |20] 51.9 - MUTAN [45] 2641 - 2536 1895 2402 3323 2773 1759 2009 3044 2048 3938 2246
; ) KDMN |20 57.9 - ArticleNet (AN) [21] 528 - 448 093 509 511 569 624 313 695 500 992 533
Reading Comprehension |47 62.96  70.08
g p y g . KDMN-E ble [20 60.9 BAN + AN [21] 2561 - 2445 1988 2159 3079 2912 2057 2154 2642 27.14 3829 2216
Out of the Box (OB) [6] 69.35  80.25 -tnsemble | g - MUTAN + AN|2 1] 2784 - 2556 2395 2687 3344 2994 2071 2505 2970 2476 39.84 2362
Human |4 77.99 Out of the Box (OB) |6} 57.32 71.61 BAN/AN oracle [21] 2759 - 2635 1826 2435 3312 3046 2851 2154 2879 2452 414 25.07
----- M. MUTAN/AN oracle (21| 2847 - 2728 1953 2528 3513 3053 2156 21.68 3216 2476 414 2485
0 GRUC (ours) 69.03  88.12 3265 2084 2523 3061 3092 2801 2624 2021 3127 2785 3801

GRUC (ours) 29.87

26.21

S F R IENR

e e e OK-VOA

We also report the quantitative performance on the challeng-
ing OK-VQA dataset in Table 3. We compare our model with three
kinds of existing models, including current state-of-the-art VQA
models, knowledge-based VQA models and ensemble models. The
VQA models contain Q-Only (21|, MLP [21], BAN [44], MUTAN
|44]. The knowledge-based VQA models |21]| consist of ArticleNet
(AN), BAN +A N and MUTAN + AN. The ensemble models |21/, i.e.
BAN/AN oracle and MUTAN/AN oracle, simply take the raw Arti-
cleNet and VQA model predictions, taking the best answer (com-
paring to ground truth) from either. We report the overall perfor-
mance (top-1 and top-3 accuracy) as well as breakdowns for each
of the knowledge categories (top-1 accuracy). We have the follow-

- ent oI our model on UK-VUA 1S Nnot tnat
2:5 %ﬁﬁ the performance on FVQA and Visual7W-

ling two observations from the results:
1s all the compared

fﬂ’ﬁ ﬁ 5%5}% XT.I- tt—n %ﬁ*ﬁ' state-of-the-art mod-

els (BAN and MUTAN) specifically designed for VQA tasks, they
get inferior results compared with ours. This indicates that general
VQA task like OK-VQA cannot be simply solved by a well-designed
model, but requires the ability to incorporate external knowledge
in an effective way. Moreover, our model outperforms knowledge-
based VQA models including both single models (BAN+AN and
MUTAN + AN) and ensemble models (BAN/AN oracle and MU-
TAN/AN oracle), which further proves the advantages of our knowl-
edge incorporating mechanism based on both multimodal knowl-
edee oranhs and memorv-enhanced recurrent reasonine network.

Kb. vve perneve urat uims phenomenon is mostly due to the follow-
ing two reasons: (1) Questions in the OK-VQA dataset are more
diverse and complex, which is more challenging for machines to
understand accurately. The questions in FVQA and Visual7W-KB
are generated when given the images and supporting facts upon
the pre-defined templates or relations. This mechanism constrains
the answers in a specific knowledge base and guides the model
to operate in a reverse way of the question generation process
to predict the correct answers with high probability. On the con-
trary, questions in OK-VQA are totally free-form ones that gener-
ated by MTurk workers and thus containing more unique questions
and words with less bias compared with other datasets. This in-
creases the difficulty to understand the questions accurately. (2)
OK-VQA requires a wide range of knowledge beyond a specific
knowledge base. Looking at the category breakdowns in Table 3,
baseline models achieve relatively high performance for SR, CF,
GHLC, PA and WC categories while our model performs better for
the remaining categories. Since the baseline models refer to the
Wikipedia while our model refers to ConceptNet, the performance
in the categorv breakdowns perhaps suggests that each knowledge
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Ablation TABLE IV Table IV shows the ablation results on VisDial v1.0 vali-
ABLATION STUDY ON VALIDATION SET OF VISDIAL V1.0. dation set. Models in the first block are designed to evaluate
the influence of key components in the visual module. The

Ig;(}j;l 16\/;21}1 ‘1:9@;; 1;1@;3 9RO@2;0 2‘48;’“ 15\151)4(;‘;G limitation for ObjRep is that it only mines the pivotal features
RefR:II; 6363 4925 8101 9034 407 5512 from isola‘ted objects and ignores the relatiopal information,
VisNoRel 63.97 4987 81.74 90.60  4.00  56.73 which achieves worse performance at all metrics compared to
VisMod 6411 5004 8178 9052 399 5667 VisMod. RelRep considers the relationships by introducing re-
GICap 60.02 4534 77.66 87.27 4.78 50.04 . . . .

LoCap 6095 4643 7845 8817 462 5172 Iatlo.n.embeddmg. fOI.‘ aggregating the opject fgatures. prev;r,
SemMod 61.07 46.69 78.56 88.09 4.59  51.10 empirical study indicates that enhancing object relationships

w/o ELMo 63.67 4989 8044 8984 414 5641
. 5074 82.10 91.00 391  57.30
Varlantsfr QB 50.79 8241 91.10 390 5824

while weakening object appearance is still not sufficient to
represent the visual semantics for better performance. Vis-

B. Ablation Study

We also conduct an ablation study to further exploit the
influence of the essential components of DualVD. To be
mentioned, we use DualVD-LF as the full model and apply the
same descriminative decoder for all the following variations:

Object Representation (ObjRep): this model uses the av-
eraged object features to represent the image. Question-driven
attention is applied to enhance the object representations.

Relation Representation (RelRep): this model applies
averaged relation-aware object representations as the image
representation without fusing with original object features.

Vision Module without Relationships (VisNoRel): this
model contains the full Vision Module, differing in that the
relation embeddings are replaced by unlabeled edges.

Visual Module (VisMod): this is our full visual module,
which fuses objects and relation features.

Global Caption (GICap): this model uses LSTM to encode
the global caption to represent the image.

Local Caption (LoCap): this model uses LSTM to encode
the local captions to represent the image.

Semantic Module (SemMod): this is our full semantic
module, which fuses global and local features.

w/o ELMo: this is our full model based on late fusion
encoder, differing in that the word embedding GloVe+ELMo
is replaced by GloVe.

DualVD-LF (full model): this is our full model, which
incorporates both the visual module and semantic module.

NoRel takes a step further by adaptively fusing the information
from both object appearance and full-connected neighbors,
aggregating all the neighborhood features directly without
relation semantics. This strategy achieves slight improvement
compared with ObjRep. VisMod moves a step further by adap-
tively fusing the information from both object appearance and
full-connected neighbors, aggregating all the neighborhood
features with relational information, which achieves the best
performance compared to above two models.

Orthogonal to visual part, models in the second block are

conducted to test the influence of key components in the

semantic part. The overall performance of either GICap or
LoCap decreases by 1% and 0.15% respectively, compared to
their integrated version SemMod, which adaptively selects and
fuses the task-specific descriptive clues from both global-level
and local-level captions.

We compare the performance of VisMod and SemMod
with DualVD-LFE. By adaptively select information from the

“Visual and the semantic module, DualVD-LF results 1 a

great boost compared to SemMod and a relatively slight
boost compared to VisMod. This unbalanced boost indicates
that visual module provides comparatively richer clues than
semantic module. Combining the two modules together gains
an extra boost, because of the complementary information
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Our model is interpretable by visualizing the attention
welghts and gate values in the reasomng process From case

tures the most relevant v1sual, semantic and factual evidence
as well as complementary information across three modali-
ties. In most cases, factual knowledge provides predominant
clues compared with other modalities according to gate val-
ues because FVQA relies on external knowledge to a great
extent. Furthermore, more evidence comes from the semantic
modality when the question involves complex relationships.
For instance, the second question mvolvmg the relatlonship

OB with Mucko. Mucko collects relevant visual and seman-
tic evidence to make each entity discriminative enough for
predicting the correct answer while OB failing to distinguish
representations of ‘laptop’ and ‘keyboard’ without feature se-

lection. (3) Mucko fails when multiple answers are rea-

sonable for the same question. Since both ‘wedding’ and
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Parameter Analysis

#Retrieved facts @50 @100 @150 @200
Rel@1 (top-1 accuracy) | 5556 7062 6594  59.77
Rel@1 (top-3 accuracy) 64.09 81.95 73.41 66.32
Rel@3 (top-T accuracy) | 5893  73.06 70.12  65.93
Rel@3 (top-3 accuracy) 68.50 85.94 81.43 74.87

Table 3: Overall accuracy with different number of retrieved candi-
date facts and different number of relation types.

#Steps | 2 3
top-1 accuracy | 62.05 73.06 70.43
top-3 accuracy | 71.87 8594  81.32

Table 4: Overall accuracy with different number of reasoning steps.
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TABLE I
LT A ) ) IMAGE RETRIEVAL RESULTS ON THE MS-COCO DATASET.
For this reason, inspired by the evaluation method pre-

sented in [2], we employed a common metric often used in

information retrieval applications, the Normalized Discounted Recall 0K JOCC
Cumulative Gain (NDCG). The NDCG is able to evaluate the Model K=l  K=5 K=10 ROUGE-L SPICE
quality of the ranking produced by a certain query by looking 1K Test Set
at the first p positiop of the rankeq elements lisF. The prerpise VSEO [1] 37 794 89 o] 0.616
of NDCG is that highly relevant items appearing lower in a VSE++ [1] 520 843  92.0 0.712 0.617
search result list should be penalized as the graded relevance VSRN [7] 60.8 884  94.1 0.723 0.620
value is reduced proportionally to the position of the result. TERN (Ours) 519 856 936 0.725 0.653
The non-normalized DCG until position p is defined as SK Test Set
follows:
P VSEO [1] 220 502 642 0.633 0.549
DCG,, = Z re'l,- : (5) VSE++ [1] 303 594 724 0.656 0.577
— logy(i +1) VSRN (7] 379 685 794 0.676 0.596
TERN (Ours) 287 597 727 0.665 0.600

where rel; is a positive number encoding the affinity that the

i-th element of the retrieved list has with the query element. “gj %Ttggﬁ
The DCG is agnostic upon how the relevance is computed. The

NDCG,, is computed by normalizing the DCG,, with respect to
the Ideal Discounted Cumulative Gain (IDCG), that is defined

as the DCG of the list obtained by sorting all its elements by
descending relevance:

DCG,
IDCG,,

IDCG,, is the best possible ranking. Thanks to this normal-
ization, NDCG,, acquires values in the range [0, 1].

NDCG,, = (6)

Query: An eating area with a table and a few chairs.

Fig. 4. Example of image retrieval results for a couple of query captions. The red marked images represent the MS-COCO ground truths, and they are not
necessarily the best results in these scenarios. In fact, in the very first positions, we find non-matching yet relevant images. These are common examples
where NDCG really succeed over the Recall@K metric.
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Abstract

Fact-based Visual Question Answering (FVQA) re-
quires external knowledge beyond visible content
to answer questions about an image, which is chal-
lenging but indispensable to achieve general VQA.
One limitation of existing FVQA solutions is that
they jointly embed all kinds of information with-
out fine-grained selection, which introduces unex-
pected noises for reasoning the final answer. How
to capture the question-oriented and information-
complementary evidence remains a key challenge
to solve the problem. In this paper, we depict
an image by a multi-modal heterogeneous graph,
which contains multiple layers of information cor-
responding to the visual, semantic and factual fea-
tures. On top of the multi-layer graph representa-
tions, we propose a modality-aware heterogeneous
graph convolutional network to capture evidence
from different layers that is most relevant to the
given question. Specifically, the intra-modal graph
convolution selects evidence from each modality
and cross-modal graph convolution aggregates rel-
evant information across different modalities. By
stacking this process multiple times, our model
performs iterative reasoning and predicts the opti-
mal answer by analyzing all question-oriented ev-
idence. We achieve a new state-of-the-art perfor-
mance on the FVQA task and demonstrate the ef-
fectiveness and interpretability of our model with
extensive experiments. The code is available at

httimo/ lxvithinhh Ansmalanten mihanlaasala

B BA TN
FRE S

Conclusion

In this paper, we propose Mucko for visual question answer-
ing requiring external knowledge, which focuses on multi-
layer cross-modal knowledge reasoning. We novelly de-
pict an image by a heterogeneous graph with multiple lay
ers of information corresponding to visual, semantic and fac-
tual modalities. We propose a modality-aware heterogeneous
graph convolutional network to select and gather intra-modal
and cross-modal evidence iteratively. Our model outperforms
the state-of-the-art approaches remarkably and obtains inter-
pretable results on the benchmark dataset.

ation. However, our model has infe-
ror periormance wnen open-domain knowledge is required. How
to adaptively incorporate diverse knowledge bases that covermg»
commonsense, Wikipedia knowledge and even professional knowl
edge for KVQA tasks will be our future work.
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The main contributions are summarized as follows: (1)
We exploit the possibility of cognition in visual dialogue by
depicting an image from both visual and semantic views,
which covers a broad range of visual content referred by
most of questions in the visual dialogue task; (2) We propose
a hierarchical visual information selection model, which is
able to progressively select question-adaptive clues from
intra-modal and inter-modal information for answering di-
verse questions. It supports explicit visualization in visual-
semantic knowledge selection and reveals which modal-
ity has more contribution to answer the question; (3) The
proposed model outperforms state-of-the-art approaches on
benchmark visual dialogue datasets, which demonstrates the
feasibility and effectiveness of the proposed model. The
code is available at https://github.com/JXZe/DualVD.

BR F492 X -Contribution

The main contributions are summarized as follows:

(1) We exploit the possibility of cognition theory in visual
dialogue by depicting an image from both visual and semantic
views, which covers a broad range of visual content referred
by most of questions in the visual dialogue task;

(2) We propose a hierarchical visual information selection
module DualVD, which can select question-adaptive clues for

answering diverse questions. It supports explicit visualization
in visual-semantic knowledge selection and reveals which
modality has more contribution to answer the question;

(3) We propose two novel models for the visual dialogue
task by integrating our proposed DualVD module with two
typical frameworks: DualVD-LF based on Late Fusion frame-
work and DualVD-MN based on Memory Network framework.
The proposed models outperform state-of-the-art approaches
on three visual dialogue datasets, including VisDial v0.9,
VisDial v1.0 and Visual-Q, which demonstrates the feasibility
and effectiveness of the proposed models.

A previous version of our dual encoding model was pub-
lished in AAAI 2020 [14]. In this extension version, we extend
our DualVD on the memory network for the visual dialogue so
that we can pay more attention on “dialogue history reasoning”
as well as the “visual reasoning”. This also suggests that our
DualVD module is complementary with the improvements in
dialogue modeling and can be plugged into existing visual
dialogue models. We also conduct more in-depth experiments
and improve the performance on the visual dialogue task. The
proposed dual encoding module shows great generalization
ability and can be applied to existing visual dialogue models
for complementary benefits.
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Visual Question Answering. The typical solutions for
VQA are based on the CNN-RNN architecture [Malinowski
et al., 2015] and leverage global visual features to repre-
sent image, which may introduce noisy information. Vari-
ous attention mechanisms [Yang er al., 2016; Lu et al., 2016;
Anderson et al., 2018] have been exploited to highlight vi-
sual objects that are relevant to the question. However, they
treat objects independently and ignore their informative rela-
tionships. [Battaglia ez al., 2018] demonstrates that human’s
ability of combinatorial generalization highly depends on the
mechanisms for reasoning over relationships. Consistent with
such proposal, there is an emerging trend to represent the
image by graph structure to depict objects and relationships
in VQA and other vision-language tasks [Hu et al., 2019b;
Wang et al., 2019a; Li et al., 2019b]. As an extension, [Jiang
et al., 2020] exploits natural language to enrich the graph-
based visual representations. However, it solely captures the
semantics in natural language by LSTM, which lacking of
fine-grained correlations with the visual information. To go
one step further, we depict an image by multiple layers of
graphs from visual, semantic and factual perspectives to col-
lect fine-grained evidence from different modalities.

Fact-based Visual Question Answering. Human can eas-
ily combine visual observation with external knowledge for
answering questions, which remains challenging for algo-
rithms. [Wang ez al., 2018] introduces a fact-based VQA
task, which provides a knowledge base of facts and associates
each question with a supporting-fact. Recent works based
on FVQA generally select one entity from fact graph as the
answer and falls into two categories: query-mapping based
methods and learning based methods. [Wang er al., 2017] re-
duces the question to one of the available query templates and
this limits the types of questions that can be asked. [Wang er
al., 2018] automatically classifies and maps the question to
a query which does not suffer the above constraint. Among
both methods, however, visual information are used to ex-
tract facts but not introduced during the reasoning process.
[Narasimhan er al., 2018] applies GCN on the fact graph
where each node is represented by the fixed form of image-
question-entity embedding. However, the visual information
is wholly provided which may introduce redundant informa-
tion for prediction. In this paper, we decipt an image by multi-
layer graphs and perform cross-modal heterogeneous graph
reasoning on them to capture complementary evidence from
different layers that most relevant to the question.

Heterogeneous Graph Neural Networks. Graph neu-
ral networks are gaining fast momentum in the last few
years [Wu er al. 2019]. Compared with homogeneous
graphs, heterogeneous graphs are more common in the real
world. [Schlichtkrull ez al., 2018] generalizes graph convo-
lutional network (GCN) to handle different relationships be-
tween entities in a knowledge base, where each edge with
distinct relationships is encoded independently. [Wang er al.,
2019b: Hu ez al., 2019al propose heterogeneous graph atten-
tion networks with dual-level attention mechanism. All of
these methods model different types of nodes and edges on
a unified graph. In contrast, the heterogeneous graph in this
work contains multiple layers of subgraphs and each layer
consists of nodes and edges coming from different modali-
ties. For this specific constrain, we propose the intra-modal
and cross-modal graph convolutions for reasoning over such
multi-modal heterogeneous graphs.

BA F472 X -Related Work.

Visual Question Answering (VQA) focuses on answering
arbitrary natural language questions conditioned on an image.
The typical solutions in VQA build multi-modal representa-
tions upon CNN-RNN architecture [1], [15], [16]. They adopt
deep Convolutional Neural Networks (CNNs) to represent
images and Recurrent Neural Networks (RNNs) to represent
questions. The extracted visual and textual feature vectors are
then jointly embedded to infer the answer. One of the key
challenges in VQA is to effectively understand and extract
visual features that better adapt to the question. Existing
approaches incorporate context-aware visual features and the
trend for modeling the visual context is progressively from
global level to fine-grained level. For example, [15] applies
CNN features of the whole image as global context, [17] and
[18] adopt patches and salient objects learned by attention
mechanism as the region context, and [19] exploits inter-
object relationships via graph attention networks to model
the relational context. However, how to leverage the external
visual-semantic knowledge to learn more informative rela-
tional representations and combine them with higher-level
visual features for better semantic understanding has not been
well exploited yet.

Another emerging line of work represents visual content
explicitly by natural language and solves VQA as a read-
ing comprehension problem. In [20], the image is wholly
converted into descriptive captions, which preserves informa-
tion at semantic-level in textual domain. However, this kind
of approaches use the generated captions, which could not
be correct as we desired, and that they fully abandon the
informative and subtle visual features. Besides the specific
tasks, our model has notable progress compared to the above
approaches. We adopt dual encoding mechanism to provide
both appearance-level and semantic-level visual information,
so that it incorporates the strong points of the above two kinds
of approaches.

Visual Dialogue aims to answer a current question con-
ditioned on an image and dialogue history. Compared with
Visual Question Answering task, Visual Dialogue involves
multi-round dialogue history as context besides the image
and the question. Most existing works are based on late
fusion framework and focus on modeling the dialogue history.
Sequential co-attention mechanism [10] enables the model to
identify question-relevant image regions and dialogue history
to keep the dialogue consistency. [9] introduces false response
in dialogue history for an adverse critic on the historic error. To
investigate semantic dependencies between entities underlying
dialogue, [8] introduces an Expectation Maximization (EM)
algorithm to infer the dialogue structure and the answers via
graph neural networks. [21] proposed a novel image-question-
answer synergistic network to value the role of the answer
for precise visual dialogue. The most recent works [22], [23],
[24] proposed graph inference or causal intervention to reason
about the answer on the image and dialogues.

Visual Relationship Understanding aims to represent and
infer the relationships between two objects in an image, which
is critical to improve Al’s capacity of combinatorial general-
ization by learning towards relational visual representations.
In the early works [27], shallow geometric relationships (e.g.
below, above, and inside) based on spatial information have
been explored to improve visual segmentation. Later on, visual
relationships have been extended to richer definition [28],
including geometric, comparative, composition, interaction,
etc. One limitation of the above approaches is that they
merely represent the visual relationships by rigid-categorized
labels, which are difficult to accurately model the subtle
relationships conditioned on the contexts. For example, an
image of <woman, ride, horse> and another image of <man,
ride, motorcycle> have quite different visual appearance and
semantics even they belong to the same relationship. Even for
the same visual appearance, it may contain different relation-
ships. For example, an image where a boy is kicking a football

Dense Captioning aims to jointly localize and describe im-
age regions in natural language. It provides fine-grained visual
descriptions for each local image region compared with object
detection and image captioning. The task generalizes object
detection when the descriptions are simple labels and image
captioning when one predicted region covers the full image. It
simultaneously takes the object detection and description task
into account. Previous work on holistic description of visual
element [32], [33], [34] are either limited to salient objects
of images, or tend to broadly depict the entire visual scene.
These descriptions are far from complete visual understanding.
[3] proposed to use dense captions for better interpretation of
image content. The model consists of a Fully Convolutional
Localization Network and an LSTM based Language Model
that produces both bounding boxes for interest regions and
associated captions in a single forward pass. In this work, we
leverage dense captions to describe the semantic-level visual
content for the local relationships between objects. In this
way, visual information is represented in linguistic form that
is closer to human’s cognition.
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TABLE I TABLE II TABLE III
RESULT COMPARISON ON VALIDATION SET OF VISDIAL V0.9. RESULT COMPARISON ON TEST-STANDARD SET OF VISDIAL V1.0. RESULT COMPARISON ON VALIDATION SET OF VISDIAL-Q.
Model MRR  R@1 R@5 R@I0 Mean Model MRR R@I R@5 R@I0 Mean NDCG
LF[7] 5807 4382 7468 8407 578 LA S0 4005 7245 ms 595 B0 Tre R —nol @ el Men
HRE[7] 58.46  44.67 7450 8422 572 HRE[7] 5416 3993 7047 8150 641 4546 MNI7 3983 2580 5476 6980  9.68
HREA[7] 58.68 44.82 7481 8436  5.66 MN[7] 5549 4098 7230 8330 592 4750 7] ’ y Y ’ )
MN[7] 59.65 4555 7622 8537 546 LEAW7] 5707 4208 7482 8505 541 4076 SF-QI39) 3021 ING/R2 5716 1403
SAN-QI[17) 57.64 4344 7426 8372 588 MN-AW[7] 5690 4243 7400 8435 559  49.58 SE-QIH[39] ~ 40.60 = 26.76 5517 7039  9.32
HieCoAt-QI[42]  57.88 4351 7449 8396  5.84 CorefMN[46] 6150 4755 7810 8880 440  54.70 VGNNI[8] 4126 2715 5647 7197  8.86
AMEM[43] 61.60 4774 78.04 86.84 499 VGNN[8] 6137 4733 7798 8783 457 52.82 DualVD-LF 4131 2724 5650 7151 9.09
HCIAE[44] 6222 4848 7875 8759 481 RVA[47] 63.03 4903 8040 8983 418 5559 DualVD-MN  41.34 2727 56.60 7145  9.15
SF[45] 62.42 4855 7896 8775 470 -
CoAt[10) 63.98 5029 8071 88.81 447 DualVD-LF
CorefMN([46] 64.10  50.92  80.18 8881 445 DualVD-MN 6338 4935 8105 9038 407  57.09
VGNNIR] (6285 48 95 79.65 88 36 457
DualVD-LF 62.94 4864 8089 89.94 4.17

DualVD-MN 63.12 4889  8L11 9033 412

TABLE IV ABLE v TABLE VI

ABLATION STUDY ON VALIDATION SET OF VISDIAL VI.0. RESULT OF DIFFERENT T; OF DUALVD ON VISDIAL 1.0.

GENERATIVE MODEL COMPARISON ON VALIDATION SPLIT OF VISDIAL
vLO0.
Model MRR _R@1 R@5 R@I0 Mean NDCG 1}’1"33‘1 1&1{3}; 15{0@4‘1‘ ;@;g 9RO@;;0 13‘4;;“ 5N7D3(;G
ObjRep 6384 4983 8127 9029 407 5548 T -6  e464 5074 85210 9100 391 5748
RelRep 63.63 4925 81.01 9034 407 5512 Model MRR R@I R@5 R@I0 Mean NDCG T -8 6435 5028 8194 9069 394 sdbs
VisNoRel 63.97 49.87 81.74 90.60  4.00 56.73 MN-G[7] 4783 3801 5749 6408 1876 56.99 Ti =10 64:34 50:37 81:74 90:71 3:97 57:09
VisMod 64.11 5004 8178 9052 399  56.67 HCIAE-G[44]  49.07 3972 5823 6473 1843 5970
GICap 60.02 4534 77.66 8727 478 50.04 CoAw-G10] 4964 4009 5937 6592 1786 5924
LoCap 6095 do43 T84S 817462 3172 ReDAN-G26] 4960 3995 5932 6597 1779 5941 o
SemMod 61.07 4669 7856 8809 459 5110 DulVDLEG— B8 0% 25 562 110 600 . ot —
wioELMo 6367 4989 8044 8984 414 5641 _ ‘ : ; - : : o
ualVD- X A A . . p oo

DualVD-MN 6470 5079 8241 9110 390 5824 o ;
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Fig. 10. Analysis of dense caption distribution on “train”and “val” splits
of VisDial v1.0. x-axis represents the number of dense captions while y-
axis represents the number of images generating corresponding number of
captions.
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: Docs she have shocs on? A6: Yes, flip flops. A -
Q6: Docs e shoes on s b Tops. A woman sitting on a bench.
Question | Is there grass nearby? Woman with long hair.
Answer | Yes, thereis. o  Greengmsontheground.
C: A girl and dog on a motorcycle dressed in costumes. Ratio of total gate values: 47.91%
Q1: Color pic? AL Yes.
Q2: Is the dog dnvmg‘.’ A2 The dog 1s siting on the _
motorcycle, like he would be the driver.
Q3: Is the girl cute? A3: Yes. I
Q4 Is she old? Ad: Around 9. =
QS: Is she smart? AS: I'm not sure. A“"",‘““"”"“""
Q6: Does she have hair? A6: Yes. Awhite and black dog.

) A dog with a collar.

Question | Does she have hair? —_‘ S
Answer | Yes.

FETTT T T T T
Ratio of total gate values: 44.04%

C: 2 boys playing disc golf in a forest.
Questionl
Answerl

Are the boys teenagers?

They are young boys.

* Boy holding blue frisbee.

| Question2 Do you see a lot of trees? T e pl th a frisbee.
'wo people playing with a 5
Answer2 Yes, a ton of trees. Ablue shirt on a man.

Question3 | Dose 1 of the boys holding the disc? Boy wearing blue shirt.

= e
Ratio of wtal gate values: 45.10%

Aman wearing bluc shorts.

Two people playing with a frisbee.
Ablue shirt on a man.
Boy wearing blue shirt.

Two people playing with a frisbee.
Ablue shirt on a man.
Boy wearing blue shirt

"C- A dog in a collar Mands next 1o stairs.
QI: I ita large dog? AL: Ifs a lab.

Ratio of total gate values: 44.89%

Q2: What color is the dog? A2: Yellow.

Question3 Are the stairs wooden? Ty e
Answer3 Concrete. © Agwyconcrete building.
Questiond |Is the dog at the bottom or top of them’ A dog standing on a sidewalk.

Answerd Bottom. Dog with a collar 7

Questions Is the dog outdoors? -

AnswerS Yes.

Ratio of total gate values: 43.26% v - 9, -
 Adogina collarstands nextto sairs. . Adginscolrstmdsnent SR 4
© Ageyconcreibuilding.

e e R et
Dog with a collar Dog with a collar -
L - B —— Man wearing black pants.
A stone wall. e y Astonewall.

Fig. 8. Visualization for success cases. Visual module highlights the most relevant subject (red box) according to attention weights of each object (y! in Eq.
9) and the objects (orange and blue boxes) with the top two attended relationships (i in Eq. 5). Semantic module shows the attention distribution (6" in Eq.
11) over the global caption (first row) and the local captions (rest rows), where darker green color indicates bigger attention weight. The yellow thermogram
on the top visualizes the gate values (gate® in Eq. 16) of the visual embedding (left) and the caption embedding (right) in visual ic fusion.

C. Interpretability

A critical advantage of DualVD lies in its interpretability:
DualVD is capable to predict the attention weights in the
visual module, semantic module and the gate values in visual-
semantic fusion. It supports explicit visualization and can
reveal DualVD’s mode in information selection. We show the
visualization for success cases and failure cases of DualVD-LF
model in Figure 8 and Figure 9, respectively. Four meaningful
observations of our model are presented as follows:

Comprehensive visual-semantic clues. The visual fea-
tures at object-level, relationship-level, and semantic-level
are preserved in the framework of DualVD, which enables
the DualVD-LF model to answer a wide range of visually
grounded questions through the dialogue. For instance, in
Figure 8, the third example (third and fourth rows in Figure 8)

Information selection mode. By selecting visual and se-
mantic information by gating mechanism, the DualVD-LF
model can reveal the mode in information selection for an-
swering the current question by visualizing the gate values.
We observe that the amount of information derived from each
module highly depends on the complexity of the question and
the relevance of the module content. More information will
come from the semantic module when the question involves

The critical role of visual information. From the vi-
sualization results, we find that the visual information is
more important than the semantic information in question
answering. In all the testing cases, the ratio of gate values of
the visual module is larger than that of the semantic module
and also that the differences between the two are not greatly
disproportionate. This demonstrates that more comprehensive
and accurate clues come from the visual information, though
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Dialogue History

Visual Module Semantic Module

C: A closed storefront with red graffiti painted on the door.

Q1: Is the store permanently closed?

Al Yes.

Q2: What is the graffiti?

A2: Words.

Ratio of total gate values: 53.33% Ratio of total gate values: 46.67%

Question

‘What do the words say?

Answer-p

Can't el i'sjust scribbling, some random words
like vote, honk.

Answer-g

It's actually just letters.

C: A man on his phone standing next to a woman with a

bottle of water with an old Audi in the background.
QI: Is there a brand on the bottle of water?
Al No, it's facing the other way.

A black tire.

Question Can you tell what kind of phone? ‘"“""“’é'“%""“fwm
Man wearing a black jacket.

Answer-p No. ‘The woman has brown hair.

Answer-g | It's on the other side of his face, but it’s black. = i plate on the bus.

C: A woman with red hair is standing under a multicolored umbrella.

QI: Wht type of hair does the woman have? AL: She has long red hair

Q2: What s the weather? A2: Itis cloudy and rainy.
Q3: How oldis the woman? A3: She looks to be mid 20s.

Q4: Is there anyonc clse with her? A4: She i alone.
Q:Is she in the ciy? AS: She s ina cily.

E S s Iy
Ratio of total gate values: 42.37%

Q6: What color clothes is she wearing?A6: She is wearing a plaid coat. | [ Amhddiqnmn ‘
Question What time ofdayis i? © o Umbrlaisopen.
1 Woman wearing sleeve shirt.
Answer-p Itis daytime. — . i B
Woman with long brown hair.
Answer-g It appears to be afternoon.

Failure case analysis. Since the visualization results ex-
plicitly show the visual and semantic clues the model focused
on, it provides us evidence to analysis the reasons for the
failure cases. In Figure 9, we show three failure cases from
three typical failure modes. We can see that our model can
accurately attend to the visual and the semantic information
that relevant to the questions in all the cases. In the first exam-
ple, the ground-truth answer is similar to the predicted answer.
This mode is so-called one-to-many problem in the dialogue
system. A second failure mode is due to the incomplete visual
information in the image. In the second example, the phone is
obscured by the face, which provides limited clues to predict
an exact answer for the question “Can you tell what kind of
phone?”. The third mode is due to the lack of visual clues
for more accurate answer. In the third example, our model
accurately focuses on the “sky” and predicts “It is daytime”.
However, the image doesn’t provide extra evidence to infer
more precise time, i.e. “afternoon” in the ground-truth answer.
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