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Abstract: To boost research into cognition-level visual understanding, i.e., making an accurate inference based on a
thorough understanding of visual details, visual commonsense reasoning (VCR) has been proposed. Compared with
traditional visual question answering which requires models to select correct answers, VCR requires models to select
not only the correct answers, but also the correct rationales. Recent research into human cognition has indicated
that brain function or cognition can be considered as a global and dynamic integration of local neuron connectivity,
which is helpful in solving speciﬁc cognition tasks. Inspired by this idea, we propose a directional connective network
to achieve VCR by dynamically reorganizing the visual neuron connectivity that is contextualized using the meaning
of questions and answers and leveraging the directional information to enhance the reasoning ability. Speciﬁcally, we
ﬁrst develop a GraphVLAD module to capture visual neuron connectivity to fully model visual content correlations.
Then, a contextualization process is proposed to fuse sentence representations with visual neuron representations.
Finally, based on the output of contextualized connectivity, we propose directional connectivity to infer answers
and rationales, which includes a ReasonVLAD module. Experimental results on the VCR dataset and visualization
analysis demonstrate the eﬀectiveness of our method.
Key words: Visual commonsense reasoning; Directional connective network; Visual neuron connectivity;
Contextualized connectivity; Directional connectivity
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1 Introduction
Recent advances in visual understanding focus
mainly on the recognition-level perception of visual content, e.g., object detection (Girshick, 2015;
Liu et al., 2016) and segmentation (Badrinarayanan
et al., 2017; Chen LC et al., 2018), or the recognitionlevel grounding of visual concepts, e.g., image captioning (Xu et al., 2015; Lu et al., 2017) and visual
question answering (Ben-younes et al., 2017; Ander‡
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son et al., 2018). For complete visual understanding, a model must move forward from perception to
reasoning, which includes cognitive inferences based
on the associated visual contents and related commonsense knowledge. To promote the development
of cognition-level reasoning based on complete visual understanding, the task of visual commonsense
reasoning (VCR) (Zellers et al., 2019) was proposed
along with a well-devised new dataset. Compared
with traditional visual question answering, in VCR,
given an image, a model is required to not only answer a question about the thorough understanding of
the correlated details of the visual content, but also
provide a rationale, e.g., contextualized with related
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visual details and background knowledge, to justify
why the answer is correct. To solve cognition-level
reasoning based on recognition-level understanding,
a recognition-to-cognition network (R2C) (Zellers
et al., 2019) was ﬁrst proposed to conduct VCR step
by step, i.e., grounding the meaning of natural language with respect to the referred objects, contextualizing the meaning of an answer with respect to the
question and related global objects, and ﬁnally, reasoning over the shared representation to obtain an
answer. However, because R2C focuses on associating the representations of sentences and visual contents and does not design a proper reasoning scheme,
it does not eﬀectively address VCR.
Recent studies (Park and Friston, 2013; Bola
and Sabel, 2015) on brain networks have suggested
that brain function or cognition can be described
as a global and dynamic integration of local neuronal connectivity. Particularly, local integration
captures short-range connections, which is helpful for
collecting much ﬁne-grained information, whereas
global integration focuses on long-range connections,
which is beneﬁcial for subserving higher-order cognition. Moreover, such global and local integration
is context-sensitive with respect to a speciﬁc cognition task. Inspired by this idea, in this study, we
propose a directional connective network (DCN) for
VCR. As shown in Fig. 1, the main process of DCN is
to dynamically reorganize (integrate) visual neuron
connectivity, which is contextualized by the meaning of questions and answers in the current reasoning
task. Based on the reorganized connectivities, directional information is considered to further improve
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reasoning ability.
Speciﬁcally, our network consists mainly of three
modules, i.e., visual neuron connectivity, contextualized connectivity, and directional connectivity for
reasoning. Taking an image that includes multiple object-bounding boxes as the input, we ﬁrst devise a module of conditional GraphVLAD to represent the image’s visual neuron connectivity, which
includes multiple centers to dynamically capture
question-related visual content. The visual neuron connectivity serves as the base function for
global and local integration in the reasoning process. Meanwhile, as a key step for associating visual
and linguistic information, a long short-term memory (LSTM) network (Hochreiter and Schmidhuber,
1997) is used to extract the sequential information
in sentences. Then, we fuse the sentence representations with those of the visual neurons, which creates
contextualization.
For contextualized connectivity, we employ a
graph convolutional neural network (GCN) to sufﬁciently integrate local and global connectivity. For
example, in Fig. 1, connections between “He” and
“Person4,” “Person4” and “Person3,” and “Person3”
and “table” could all be incorporated in the contextualized connectivity, which deepens the association of
visual and linguistic contents. However, contextualized connectivity lacks direction information, which
is an important clue for cognitive reasoning (Feltovich et al., 1997). Taking the answer sentence in
Fig. 1 as an example, there exists a directional connection from “Person4” to “Person3” via the predicate “tell,” and from “Person1” to “sandwich” via
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Fig. 1 Overview of our DCN method. The yellow, blue, and green circles indicate visual elements, questions,
and answer representations, respectively. Our method includes mainly visual neuron connectivity, contextualized connectivity, and directional connectivity for reasoning. For semantic context, two LSTM units are used
to extract sentence representations. References to color refer to the online version of this ﬁgure
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the predicate “order.” To this end, we explored the
design of a directional connectivity module including
a ReasonVLAD module to improve reasoning performance. Particularly, this module learns the semantic
direction of input features, which is used to compute
a directional adjacency matrix and then helps reason
correct answers.
The contributions of this paper are summarized
as follows:
1. To establish VCR, we propose a directional
connective network (DCN) to dynamically reorganize the visual neuron connectivity that is contextualized by the meaning of questions and answers.
2. To fully model correlations of visual content, we develop a GraphVLAD module to capture
visual neuron connectivity. Particularly, based on
the image-question information, this module can
dynamically capture question-related visual information, which is helpful for reasoning the correct
answer.
3. To improve the reasoning accuracy, we propose a module of directional connectivity to infer
answers or rationales. Particularly, this module includes a ReasonVLAD module, which helps enhance
the information association of diﬀerent models and
improve the reasoning ability. Experimental results
and extensive visual analysis demonstrate the eﬀectiveness of our method.

2 Related work
2.1 Visual question answering
Given an image and a corresponding question,
visual question answering (VQA) (Antol et al., 2015;
Bansal et al., 2020; Chen L et al., 2020; Le et al.,
2020) aims to select the correct answer from a set of
proposed answers. To address VQA, models should
require a suﬃcient understanding of visual and linguistic content. Recently, many eﬀective methods
have been proposed in the VQA task, including those
based on attention (Kim et al., 2018; Malinowski
et al., 2018), multi-modal fusion (Gao et al., 2018),
and visual reasoning (Narasimhan et al., 2018; Cadene et al., 2019; Pan, 2019, 2020). Most methods focus on locating the related visual content that
corresponds to the given question. However, they
lack commonsense reasoning. To promote research
into commonsense reasoning, a new VCR task was
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proposed by Zellers et al. (2019). Given a queryimage pair, this task requires models to choose correct answers and rationales justifying why the answer is true. The challenges include mainly a thorough understanding of vision and language as well as
a method to accurately infer correct responses (answers or rationales). In this study, we propose a
DCN model for VCR, which is proved to be eﬀective
in the experiment.
2.2 Graph convolutional neural network
GCN (Kipf and Welling, 2016; Monti et al.,
2017; Veličković et al., 2018; Zhou et al., 2018) generalizes the convolutional neural network to graphstructured data. By encoding both the structure
of the graph surrounding a node and the feature of
the node, a GCN can learn representation for every
node eﬀectively. Based on the beneﬁt of capturing
relations between nodes, many methods have been
proposed to employ GCN for reasoning (Narasimhan
et al., 2018; Schwartz et al., 2019). Particularly,
Narasimhan et al. (2018) used GCN to infer answers. However, they constructed only an undirected
graph for reasoning, neglecting the directional information between nodes. The directional information
is often considered an important factor for inference
(Feltovich et al., 1997). In this study, we propose
directional connectivity to infer answers, which has
been shown to be eﬀective for VCR (Wu et al., 2019;
Zellers et al., 2019).

3 Directional connective network
Fig. 2 shows the framework of a DCN model,
which consists of visual neuron connectivity, contextualized connectivity, and directional connectivity for reasoning. Particularly, we can see that
GraphVLAD and ReasonVLAD modules exist in our
method. They are used to extract question-related
visual content and help reason correct answers, respectively. In the following, we will introduce the
details of our method.
3.1 Visual neuron connectivity
As a key to our method, the goal of visual neuron
connectivity (Fig. 3a) is to obtain a global representation of an image, which is helpful for a thorough
understanding of visual content. It includes mainly
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Fig. 2 Framework of the DCN method, including mainly visual neuron connectivity, contextualized connectivity, and directional connectivity for reasoning. {U, O}: the set including the output U of GraphVLAD and
object features O; fθ : the prediction function for responses (answers or rationales); F : a fusion operation

visual element connectivity and the computation of
conditional centers and GraphVLAD.
3.1.1 Visual element connectivity
We ﬁrst use a pre-trained network, e.g., ResNet
(He et al., 2016), to obtain the feature map X ∈
Rw×h×m of an image, where w, h, and m separately
indicate the width, height, and number of channels.
Here, we take each element of the feature map as a
visual element. We take the output Y ∈ Rn of the
LSTM unit (Hochreiter and Schmidhuber, 1997) at
the last time step as the query representation (question or question with a correct answer).
In general, there exists a certain relation between objects of an image (Chen YP et al., 2019).
As shown in the left part of Fig. 3a, relations (solid
and dotted lines) exist not only between elements
(yellow circles) in the same object region, but also
among various objects (Person1, Person3, Person4,
and background). Obviously, capturing these relations is helpful for a thorough understanding of the
entire scene. In this study, we employ GCN to capture these relations. Speciﬁcally, we seek to construct an undirected graph Gg = (V, ξ, A), where ξ
is the set of graph edges to learn and A ∈ RN ×N
(N = wh) is the corresponding adjacency matrix.
Each node ν ∈ V corresponds to one element of
the feature map, and the size of V is set to N .
We ﬁrst reshape X to X̃ ∈ RN ×m . Then, we deﬁne an adjacency matrix for an undirected graph
as A = softmaxr (X̃ X̃ T ) + Id , where Id indicates
the identity matrix and softmaxr indicates that the

softmax operation is in the row direction.


M = AX̃,
M̃ = tanh(wfc ∗ M + bcf )  σ(wgc ∗ M + bcg ),
(1)
c
1×m×n
c
1×m×n
c
n
, wg ∈ R
, bf ∈ R , and
where wf ∈ R
bcg ∈ Rn are the trainable parameters, “∗” represents the convolutional operation, and “” indicates
an element-wise product. Each row of the matrix
M represents a feature vector of a node, which is
a weighted sum of the neighboring node features of
the current node. M̃ ∈ RN ×n indicates the output
of the GCN.
3.1.2 Computation of conditional centers
Because M̃ captures only relations between visual elements and cannot fully understand the image, we consider using NetVLAD (Jégou et al., 2010;
Arandjelović et al., 2018) to further enhance the representation of an image. By learning multiple centers, i.e., visual words, NetVLAD can use these centers to describe a scene (Arandjelović et al., 2018).
However, these centers are learned based on the overall dataset and reﬂect the attributes of the dataset.
In other words, these centers are independent of the
current input data; they ignore the characteristic
of the input data and reduce the accuracy of the
representation. Here, we consider making an aﬃne
transformation for the initial centers and using these
transformed centers to represent the content of an
image.
Speciﬁcally, we ﬁrst deﬁne the initial centers
C = {ci ∈ Rn , i = 1, 2, ..., K}. Based on the current
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input query-image pairs, we make the aﬃne transformation (Perez et al., 2017) for the initial centers:
⎧
⎪
⎨ γ = f (M̃ , Ỹ ),
β = h(M̃ , Ỹ ),
⎪
⎩
zi = γci + β,

(2)

where a, b represents the concatenation of a and b.
By stacking Y , we obtain Ỹ ∈ RN ×n . We separately
use a two-layer convolutional network to deﬁne f and
h. zi ∈ Rn indicates the ith generated conditional
center. Here, we take the concatenated result of the
representations of both input images and their corresponding queries as the input of f and h to compute
parameters γ and β. Because parameters γ and β are
learned based on the input query-image pairs, these
two parameters reﬂect the character of the current
input data. Equipped with the aﬃne transformation, the initial centers are made to move toward the
input features, which improves the accuracy of the
residual operation (Fig. 3d) of NetVLAD. As shown
in Figs. 3b and 3c, after aﬃne transformation, the
centers move toward the features (color circles). Finally, we use Z = {z1 , z2 , . . . , zK } to indicate the
new conditional centers.

3.1.3 Computation of GraphVLAD
Next, we use Z and M̃ to perform the
NetVLAD operation:
Dj =

N

i=1

T



ewj M̃i +bj
j

e

wjT M̃i +bj

(M̃i − zj ),

(3)

where {wj } and {bj } are sets of trainable parameters
for each center zj (j = 1, 2, ..., K). Finally, we use
D ∈ RK×n to indicate the output of NetVLAD.
In addition, as shown in Fig. 3d, NetVLAD captures only relations between elements and centers.
Because NetVLAD is computed based on visual elements where relations exist, we consider that there
should exist certain relations between outputs. Here,
we employ GCN to capture these relations. Specifically, we ﬁrst concatenate the NetVLAD output
and conditional centers, i.e., Z̃ = z1 , z2 , . . . , zK ,
Z̃ ∈ RK×n , and H = D, Z̃. Then, we deﬁne an adjacency matrix for an undirected graph as
B = softmaxr (HH T ) + Id . The following processes
are the same as Eq. (1). Finally, we use U ∈ RK×n
to indicate the output of GraphVLAD. By this operation, we obtain the global image information,
which complements local object features O ∈ RL×n
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(L indicates the number of objects) extracted by a
pre-trained network and the GCN. Finally, the set
S = {U , O} is taken as the global representation of
an image.
3.2 Contextualized connectivity
The goal of contextualized connectivity is to
not only capture the relevance between linguistic
features and the global representation S, but also
extract deep semantic existing in sentences according to visual information. Speciﬁcally, LSTM is employed to obtain the representations Q̃ ∈ RP ×n and
Ã ∈ RJ×n of the query and response, respectively,
where P and J indicate the lengths of the query and
response, respectively. Next, we introduce the processing of the query. An attention operation is ﬁrst
used to obtain the relevance between the query and
the global representation:
⎧
Fqu = softmaxr (Q̃U T ),
⎪
⎪
⎪
⎪
⎨ F = softmax (Q̃O T ),
qo
r
(4)
⎪
QU = Fqu U ,
⎪
⎪
⎪
⎩
QO = Fqo O.
Then, we take the concatenation of QU , QO ,
and Q̃ as QF ∈ RP ×(3n) , where U and O are the
output of the GraphVLAD. Here, we obtain only sequential features, rather than the structural information (Xu et al., 2018) which is helpful for a better understanding of the sentence semantics. Meanwhile,
LSTM is limited by long-term information dilution
(Vaswani et al., 2017), which weakens the capacity
of the sentence representation. Here we consider using GCN to extract structural information. Specifically, we deﬁne an adjacency matrix for an undirected graph as Q = softmaxr (QF QT
F ) + Id . The
following processes are the same as Eq. (1). Finally,
we use Qg ∈ RP ×n to indicate the output of this
network. The processing of responses is the same
as that of queries. The representation of response
generated by a GCN is deﬁned as Ag ∈ RJ×n .
3.3 Directional connectivity with ReasonVLAD
3.3.1 Directional connectivity
Directional information is an important clue for
cognitive reasoning, and using directional information can improve the reasoning accuracy (Feltovich
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et al., 1997). Here, we propose a semantic directionbased GCN for reasoning. Speciﬁcally, we ﬁrst use Ã
to obtain the attention representation Qa ∈ RJ×n of
Qg . The processes are the same as Eq. (4). Then, Qa
and Ag are concatenated as Eqa ∈ RJ×(2n) . Next,
based on Eqa , we ﬁrst try to learn the direction
information:
⎧
Dqa = φ(Eqa ),
⎪
⎪
⎪
⎪
⎨ G = D DT ,
t
qa qa
⎪
Dt = sign(Gt ),
⎪
⎪
⎪
⎩
Ve = softmaxr (abs(Gt )),

(5)

where abs(·) is the operation of absolute value. Here,
φ is deﬁned as a directional function, which is a
one-layer convolutional network without activation.
Also, to learn the direction, we do not use rectiﬁed
linear unit (ReLU) activation in the last layer of the
network φ. By using the sign function, we obtain the
direction Dt , where “−1” and “1” separately indicate
the negative and positive correlations. Next, based
on the output Dt of the sign function, we compute
the adjacency matrix.
⎧
⎪
⎨ H = Dt  Ve + Id ,
Mt = HEqa ,
⎪
⎩
Rt = tanh(wfr ∗ Mt + brf )  σ(wgr ∗ Mt + brg ),
(6)
r
where H indicates the adjacency matrix, and wf ∈
R1×(2n)×n , wgr ∈ R1×(2n)×n , brf ∈ Rn , and brg ∈ Rn
indicate the trainable parameters. Finally, we take
Rt ∈ RJ×n as the GCN output. By this operation,
our model not only learns the direction information
between nodes, but also leverages the GCN computation information, resulting in accurate inference. In
the experiment, compared with an undirected GCN,
our method improves performance signiﬁcantly.
3.3.2 ReasonVLAD
After obtaining the output of the directional
connectivity module, we design a ReasonVLAD module to enhance the information association of different models and improve the reasoning ability.
Speciﬁcally, after contextualized connectivity, we obtain the question-related representation Qg ∈ RP ×n .
Based on the response representation Ã ∈ RJ×n ,
we employ an attention mechanism to select related
information from Qg . The processes are shown as
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follows:
Fqa = softmaxr (ÃQT
g ),
AQ = Fqa Qg .

(7)

Taking the sum of AQ and Rt as the input, our
model learns multiple centers to suﬃciently represent the semantic information existing in the fused
representations. Speciﬁcally, we ﬁrst deﬁne the initial centers Θ = {θi ∈ Rn , i = 1, 2, ..., K}. Next, the
processes of ReasonVLAD are shown as follows:
Φj =

J


T



i=1

ewj S̃i +bj
j

e

wjT S̃i +bj

(S̃i − θj ),

(8)

where S̃ ∈ RJ×n indicates the sum of AQ and Rt .
Finally, we use Φ ∈ RJ×n to represent the output of
NetVLAD. The advantage of ReasonVLAD is mainly
that, with the help of the learned centers, this module can suﬃciently capture the fused information,
which reduces the loss of related information and
then improves reasoning ability.
3.4 Prediction layer and loss function
After obtaining the ReasonVLAD output, we
use Rt and employ the attention mechanism to select related information from Φ. Then we concatenate Rt and the attention result across the channel dimension. Next, we compute a global vector
representation via a max-pooling operation across
the node dimension. This operation helps determine a permutation-invariant output and focuses on
the impact of the graph structure (Norcliﬀe-Brown
et al., 2018). Finally, we compute classiﬁcation logits through a two-layer multilayer perceptron (MLP)
with ReLU activation.
Given a query-image pair, the VCR task gives
four response choices. In this study, we train our
model using a multi-class cross-entropy loss between
the set of responses and the labels, i.e., l(y, ŷ) =
4
− i=1 yi log ŷi , where y denotes the ground truth
and ŷ is the prediction result.

4 Experiments
In this section, we evaluate our method on the
VCR dataset. This dataset contains 2.9 × 105 pairs
of questions, answers, and rationales, and more than
1.1 × 105 unique movie scenes. This task considers three modes: Q → A (given a question, select
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the correct answer), QA → R (given a question and
the correct answer, select the correct rationale), and
Q → AR (given a question, select the correct answer,
then the correct rationale). For the Q → AR mode,
if either the wrong answer or the wrong rationale is
obtained, no points will be received.
Implementation details are as follows: We use
ResNet50 (He et al., 2016) to extract image and
object features. BERT (Devlin et al., 2019) is
used as the word embedding. The feature map is
X ∈ R12×24×512 . The size of the hidden state of
LSTM is set to 512. For Eq. (1), we use a onelayer GCN, and 32 centers are used to compute
GraphVLAD. For Eq. (2), we separately use a twolayer network to deﬁne f and h. Their parameters
are all set to 1 × 1024 × 512 and 1 × 512 × 512. Next,
we use a one-layer GCN to capture relations between
centers. The parameter settings of the GCN are the
same as those of Eq. (1). For contextualized connectivity, we separately use a two-layer GCN to process
queries and responses. Their parameter settings are
the same as those of Eq. (1). For Eq. (5), a one-layer
GCN is used for reasoning. In addition, the parameters of the network φ are set to 1 × 1024 × 512. For
ReasonVLAD (Eq. (8)), we use 28 centers. During
training, we use the Adam optimizer with a learning
rate of 2 × 10−3 .
4.1 Performance of our method
We evaluate our method on the three modes
of the VCR task. The results based on the validation set are shown in Table 1. We can see that
some of state-of-the-art VQA methods, e.g., MUTAN (Ben-younes et al., 2017) and BottomUpTopDown (Anderson et al., 2018), do not perform well
on this task. These methods usually focus on associating the visual representations with the corresponding linguistic representations, which lacks the ability
to infer and results in unsatisfactory performance.
Meanwhile, compared with the baseline method, on
the three VCR task modes, our method is 3.8%,
3.5%, and 4.8% better than R2C, respectively. This
shows that our method is eﬀective. We can also see
that BERT-based pretraining methods (Li LH et al.,
2019; Lu et al., 2019; Su et al., 2019; Li G et al., 2020)
obtain outstanding reasoning performance. These
methods usually employ a multi-layer transformer
(Vaswani et al., 2017) as the backbone, and extend it to take both visual and linguistic embedded
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features as input. By pretraining based on massivescale visual-linguistic datasets, they can extract powerful generic representations and improve the performance of visual-linguistic tasks signiﬁcantly.
In Fig. 4, we show qualitative results of our
method. First, we can see that compared with commonly used VQA datasets (Antol et al., 2015; Goyal
et al., 2017), the questions and responses of the VCR
task are more complex. Therefore, it is diﬃcult to
Table 1 Performance of our DCN model on the VCR
dataset
Accuracy (%)

Model

QA → R

Q → AR

VisualBERT
ViLBERT
Unicoder-VL
VL-BERT

70.8
72.4
72.6
73.8

73.2
74.5
74.5
74.4

52.2
54.0
54.5
55.2

Revisited VQA
BottomUpTopDown
MLB
MUTAN

39.4
42.8
45.5
44.4

34.0
25.1
36.1
32.0

13.5
10.7
17.0
14.6

R2C (baseline)
DCN

63.8
67.6

67.2
70.7

43.1
47.9

Wrong answer and rationale

Right answer, wrong rationale

Right answer and rationale

Q→A

Person1
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obtain the correct answers and rationales by directly
employing recognition of visual contents. The ﬁrst
row corresponds to the correct result. Given an
image and a corresponding complex question, our
method selects the right answer and the corresponding rationale. This further demonstrates the eﬀectiveness of our method. The second and third rows
correspond to failed cases. In the case of the second row, our method selects the correct answer and
a wrong rationale, and in the case of the third row,
our method does not select the correct answer or
rationale. This indicates that when questions and
responses involve more commonsense knowledge, it
is diﬃcult for the model to select the correct answer
and correct corresponding rationale.
To further demonstrate the eﬀectiveness of our
method, we show more qualitative results in Fig. 5.
We can see that our method selects the correct answers and corresponding rationales. Particularly,
taking the ﬁrst image as an example, we can see
that the given question is complex. Our method
selects the correct answers and corresponding rationales, with resulting scores of 98% and 99%, respectively. For the third example, our method selects

Why have [Person1, Person2, Person3, Person4] turned The rationale is …
around at the table?
a) [Person1, Person2, Person3, Person4] are looking at
something.
a) They are judging a competition.

Person6

Person5

b) A noise has attracted their attention. 56%

b) They appear to be worried and paying attention to
their surroundings.

c) [Person1, Person2, Person3, Person4] want to pick
up fork.

c) [Person5, Person6] have a startled facial expression.

d) They are eating.

d) The only thing making them turn around would
be a noise. 97%

Person4
Person2

Person3

Why did [Person1] come here instead of a
healthy restaurant?

Person1
Person2

a) [Person2] went to his mother’s house for dinner.

The rationale is …
a) [Person1] looks like a student based on
[Backpack]. Students usually have limited budget.
31%

Backpack

b) [Person1] cannot spend a lot of money to satisfy
his hunger. 58%

b) This restaurant has no tables and chairs visible.
It appears to be takeout only. 65%

c) He could have been watching his barbecue.

c) Champagne is expensive and the restaurant is high
end.

d) Because he ate before he came.

d) [Person1]’s clothing is of working class. He looks like a
worker.

How do [Person1, Person2] feel about each other?

The rationale is …

Person2

a) They love each other romantically. 38%
Person1

b) [Person1, Person2] are starting to fall in love.
c) [Person1, Person2] are friends and agree with
each other. 40%
d) They feel sad.

a) They are sitting very close and smiling at each
other lovingly. 35%
b) [Person1] is looking at [Person2] lovingly.
c) They are passionately kissing each other.
d) They are at a dinner together and are holding on
to each other’s arms closely. 33%

Fig. 4 Qualitative examples from the DCN. Correct choices are highlighted in blue, and incorrect inferences
are in orange. The number after each option indicates the score given by our model. The ﬁrst row is a
successful case. The second and last rows correspond to two failed cases. References to color refer to the
online version of this ﬁgure
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What will [Person1, Person3] do if [Person2] catches
up with them?

Person2

a) [Person1, Person3] will start to pick up their
paces and run faster if [Person2] catches up. 98%

Person1
Person3

c) [Person1, Person3] will scream for [Person2].

c) [Person1] flanks [Person2] as he walks between them.

d) [Person1, Person3] hug, and follow [Person2] to their
destination.

d) If [Person2] gets short, [Person1, Person3] will have
a chance of catching him on foot.

The rationale is …

b) He walks out the building.
c) Put his hands up slowly to show he is not
reaching for a weapon.

Person4

Bottle

d) After finishing speaking to [Person2], he moves
to the chair behind him, and sinks into the
chair while running his hand over his face in
disbelief.

Why are [Person1, Person2] and [Person3] having
brunch?

Person2
Person1

a) [Person1, Person2] and [Person3] are just enjoying
the view while out for a walk.
b) [Person2] and [Person3] are employees of
[Person1].
c) They enjoy reading books and consider reading to be
a worthwhile hobby.
Person3

a) If [Person2] closes the distance, then [Person1,
Person3] will be concerned that [Person2] is going to
push ahead of them, so they will run faster. 99%
b) [Person2] looks like he is really picking up his legs
to try to set himself apart from the other runners.

a) [Person3] pays for the items he wants. 58%
Person2

Person1

The rationale is …

b) [Person1, Person3] will fly away.

What does [Person3] do next?
Person3
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d) They are on vacation at a resort. 65%

a) [Person1] is a cashier who you give
money to in exchange for products. 69%
b) [Person1] is breaking into a mine where such
items as valuable metals or buried treasure would be
located.
c) [Person2] wants to purchase new boots but does
not know the proper size.
d) [Person1] is wearing a uniform and standing behind a
register.
The rationale is …
a) There is sand everywhere and the ocean is in the
backdrop. Many of the men have their shirts off and
there are women wearing bikinis.
b) They have just married and it is custom to enjoy a
vacation after a wedding.
c) They are dressed in clothing someone might wear
on vacation. There is a lake behind them and a large
building can be seen in the background. 56%
d) It is light food with a lot of fruits. It seems like in the
afternoon which is brunch time.

Fig. 5 More qualitative examples from the DCN. Correct choices are highlighted in blue. We can see that
our method selected the correct answers and rationales. References to color refer to the online version of this
ﬁgure

the correct answer and the corresponding rationale
with scores of 65% and 56%. This shows that our
method is helpful in promoting a thorough understanding of visual content and improving reasoning
ability, which further demonstrates the eﬀectiveness
of our method.
4.2 Ablation analysis
In this subsection, we perform an ablation analysis of our proposed method.
4.2.1 GraphVLAD
The number of centers is an important hyperparameter for GraphVLAD. If few centers are used,
visual content will not be suﬃciently represented.
Conversely, if more centers are used, the number of
parameters and computational costs will increase.
In Q → A, QA → R, and Q → AR modes, the
performance scores of 16 and 48 centers separately
are 66.8%, 69.2%, 46.6% and 67.0%, 69.6%, 46.8%.
For our method, the performance of 32 centers is the
best.
Next, we analyze the eﬀect of conditional cen-

ters and the GCN for GraphVLAD. Here, we keep
other components of our method unchanged. In the
experiment, we ﬁnd that employing conditional operation improves the performance by 0.9%, 0.7%,
and 1.0%. This shows that the conditional operation
is helpful in capturing visual contents suﬃciently,
which improves performance. Meanwhile, we ﬁnd
that employing GCN in GraphVLAD improves performance by 0.8%, 1.0%, and 0.9%. This shows that
employing graph neural networks to integrate centers is helpful for a thorough understanding of visual
contents. These analyses further demonstrate the
eﬀectiveness of the proposed GraphVLAD module.
In Fig. 6, we show two t-SNE (van der Maaten
and Hinton, 2008) examples of conditional centers.
The queries of Figs. 6a and 6b are “Who does the dog
belong to?” and “What will happen after the person
pushes the lifeboat over the edge of the ship?” We
can see that the positions of centers are related to
the complexity of visual contents and queries. When
an image contains rich content and its corresponding query is complex, e.g., Fig. 6b, to capture rich
visual information to answer the query, these centers
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will learn to spread farther apart from each other.
Meanwhile, when the image content and its corresponding query contain relatively little information,
e.g., Fig. 6a, to focus on visual information that is
related to the query, these centers will adaptively become more concentrated. In this way, we can obtain
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an eﬀective visual representation, which is helpful for
the following contextualization and reasoning.
In Fig. 7, we show more visualization results.
We can see that when the given image contains rich
content and the corresponding query is complex,
the centers will spread out to capture much more
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Fig. 6 t-SNE plot of conditional centers. Red pentagrams: initial centers; blue circles and green rhombuses:
two diﬀerent conditional centers. (a) and (b) are used to compute the blue and green centers, respectively.
References to color refer to the online version of this ﬁgure
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Fig. 7 t-SNE plot of conditional centers: (a) example 1; (b) example 2. Red pentagrams: initial centers; blue
circles: diﬀerent conditional centers. References to color refer to the online version of this ﬁgure
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semantic information, whereas when the content is
less rich and query is simpler, the centers will become
more concentrated. This further shows that with the
help of the conditional operation, our method can dynamically capture query-related visual information
that is helpful for reasoning the correct answers and
rationales.
4.2.2 Contextualized connectivity
In this study, we separately employ a GCN to
capture the semantics of queries and responses. To
prove that this operation is eﬀective, we compare
it with a common operation, i.e., using a GCN to
process the concatenation of vision, query, and response. In Q → A, QA → R, and Q → AR modes,
compared with our method, the performance of the
common operation is 1.1%, 0.9%, and 1.2% worse,
showing the eﬀectiveness of our method.
4.2.3 Directional connectivity with ReasonVLAD

2021 22(5):625-637
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connectivity including ReasonVLAD. Visual neuron connectivity promotes a thorough understanding
of visual contents, contextualized connectivity captures the relevance between linguistic features and
global representations, and directional connectivity
enhances reasoning ability based on learned direction information. We have proposed a ReasonVLAD
module to suﬃciently capture the fused information.
Experimental results based on the VCR dataset and
visualization analysis demonstrated the eﬀectiveness
of our method.
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