
Bridge to Answer: Structure-aware Graph Interaction Network

for Video Question Answering

Jungin Park Jiyoung Lee Kwanghoon Sohn*

Yonsei University, Seoul, South Korea

{ newrun, easy00, khsohn }@yonsei.ac.kr

Abstract

This paper presents a novel method, termed Bridge to

Answer, to infer correct answers for questions about a given

video by leveraging adequate graph interactions of hetero-

geneous crossmodal graphs. To realize this, we learn ques-

tion conditioned visual graphs by exploiting the relation be-

tween video and question to enable each visual node using

question-to-visual interactions to encompass both visual

and linguistic cues. In addition, we propose bridged visual-

to-visual interactions to incorporate two complementary vi-

sual information on appearance and motion by placing the

question graph as an intermediate bridge. This bridged ar-

chitecture allows reliable message passing through compo-

sitional semantics of the question to generate an appropri-

ate answer. As a result, our method can learn the question

conditioned visual representations attributed to appearance

and motion that show powerful capability for video question

answering. Extensive experiments prove that the proposed

method provides effective and superior performance than

state-of-the-art methods on several benchmarks.

1. Introduction

Video question answering (VideoQA) is a task to an-

swer the question regarding a given video in a natural

language form. Over the past few years, several meth-

ods have been focused on manipulating spatio-temporal

visual representations conditioned by linguistic cues for

VideoQA [20, 31, 32, 35]. However, because of its speci-

ficities such as dynamic spatiotemporal dependencies of

the video and sophisticated compositional semantics of the

question, the VideoQA still remains a challenging problem.

Recent works [11, 27, 6, 2, 5, 18] have adopted the

encoder-decoder structure. Typically, LSTM-based en-

coders [11, 6, 2, 5] are used to encode the representa-

tions of video frames and a question into the visual and
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Question: What is the woman in the red holding in her hand?
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Figure 1. (a) An example for VideoQA. (b) Question-to-Visual

(Q2V) interactions that each question node are propagated to vi-

sual nodes. (c) Visual-to-Visual (V2V) interactions that each vi-

sual node are associated with the relative visual nodes using the

question bridge. Only motion-to-appearance (M2A) interaction is

shown.

word sequence. The encoded representations are then in-

corporated to provide the answer with an attention mech-

anism. The several types of attention have shown promis-

ing results by learning the temporal relations between video

frames [38, 2], the spatial relations between regions in ev-

ery single frame [15, 37, 27], or spatiotemporal relations

using appearance and motion representations [11, 6]. Al-

though these methods have suggested how to use the vi-

sual relationship for VideoQA, they still rely on learning

positional relationships, not on in-depth semantic meaning,

which makes capturing sophisticated appearance-motion or

visual-question relations difficult.

Meanwhile, methods to understand cross-modal rela-

tionships have been proposed for vision-language interac-
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tion tasks, such as image-text matching [21, 26] or video-

text matching [1], exploiting global [22, 29, 36] or lo-

cal [19, 25] representations for visual and textual infor-

mation. Similar approaches have also been adopted in

VideoQA. The global question representation has been used

as a condition to learn a question-specific visual represen-

tation [40, 6, 18]. For example, the global question fea-

ture vector was used to update the memory network to

learn attention that attributed to the question in [6]. Le

et al. [18] proposed a hierarchical architecture that trans-

forms a sequence of objects into a new array conditioned on

the global question feature. The word-level features of the

question have been treated as sequential data in the local ap-

proach [11, 38, 5, 24, 10]. These approaches leveraged each

word representation to learn visual attention [11, 38, 2] or

co-attention [27, 5, 24, 10] by fusing visual and word rep-

resentations. However, the global approaches have learned

coarse relations that frequently fail to capture video-word

relations. The local approaches associate visual and word

information based on co-occurrence statistics, not compo-

sitional semantics of the question. For instance, without

semantic relations, the word “woman” of the question in

Fig. 1-(a) can incorrectly be correlated with all women in

the video. On the other hand, compositional semantics

clearly indicate from the phrase “in the red” that the ques-

tion point to the left woman.

To address these limitations, the consideration of gram-

matical dependencies between sentence words [3, 4] has

been raised. For visual question answering (VQA), Teney

et al. [33] proposed structured representations that the input

image and question are encoded as graphs to leverage com-

positional semantics of the question. For image-text match-

ing, Liu et al. [26] proposed a graph-structured network that

construct graphs for the image and corresponding captions

to find the fine-grained image-text correspondences using

node-level and structure-level matching. Although the ef-

fectiveness of structured representations for image-text re-

lations has been extensively demonstrated, it is still under-

explored in VideoQA.

In this paper, we propose a novel method, called Bridge

to Answer, that formulates structure-aware interaction for

semantic relation modeling between crossmodal informa-

tion, including appearance, motion, and question. Contrary

to existing approaches [6, 10], we construct not only ap-

pearance and motion graphs for video but also the question

graph that represents compositional semantic relations be-

tween words. We perform question-to-video (Q2V) inter-

actions that propagate the question node to its relevant vi-

sual nodes to learn question conditioned visual representa-

tions with visual-question relations, as shown in Fig. 1-(b).

Also, we apply visual-to-visual (V2V) interactions to visual

graphs delivering each visual node to nodes in the relative

visual graph to model appearance-motion relations. To uti-

lize compositional semantic structure of the question, we

use the question graph as an intermediate bridge, as shown

in Fig. 1-(c). We demonstrate the capability of the proposed

method through extensive ablation studies and comparison

with state-of-the-art methods on three datasets, including

TGIF-QA [11], MSVD-QA [38], and MSRVTT-QA [39].

2. Related Works

Video question answering (VideoQA) has attracted in-

tense attention over the past few years due to its applica-

bility to human-robot interaction and video retrieval, etc.

The existing methods have mostly been proposed to learn

visual representations by leveraging video-question inter-

actions. We summarize recent works according to the types

of utilized interactions. Typically, the temporal attention

has been learned by exploiting relationships between the ap-

pearance and question [20, 43, 23]. Li et al. [23] proposed

to learn co-attention between the appearance and question,

and Li et al. [24] enhanced co-attention by using self-

attention [34] mechanism. Some researchers have presented

to capture fine-grained appearance-question interactions.

Jin et al. [13] introduced object-aware temporal attention

that learns object-question interactions. Huang etal [10]

also utilize frame and object features to enhance co-

attention between the appearance and question.

Since Jang et al. [11] proposed a two-stream architec-

ture using appearance and motion features, researchers have

focused on learning spatiotemporal attention that leverages

motion, appearance, and question interactions. Develop-

ments of spatiotemporal attention have successfully been

applied to various approaches including a multimodal fu-

sion memory [5], co-memory attention [6], hierarchical at-

tention [41, 40], multi-head attention [16], and multi-step

progressive attention [14, 38, 31]. The hierarchical struc-

ture that capture appearance-question and motion-question

relations from the frame-level to segment-level have also

been proposed by Zhao et al. [42] and Le et al. [18].

Although they have suggested methods that effectively

learn relations between appearance and question or even

motion, they still rely on positional relationships [24].

Moreover, there have not been presented for capturing the

relationship between appearance and motion with compo-

sitional semantics of the question. To address these lim-

itations, we explicitly model appearance, motion, and the

question as graphs. Our model learns question conditioned

visual representations and mutually enhances appearance

and motion representations by leveraging compositional se-

mantics of the question.

Graph-structured vision-language interaction has re-

cently been studied to learn semantic relations between vi-

sual and textual information. Teney et al. [33] firstly pro-

posed to learn graph-structured representations of the input

image and question for visual question answering (VQA).
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Figure 2. The overall architecture of the proposed method for VideoQA. The visual and question representations are extracted to construct

appearance, motion and question graphs. The graph nodes in each graph are propagated to nodes in another graph differentially through

question-to-visual interactions and visual-to-visual interactions to learn question conditioned visual representation attributed to appearance

and motion.

More recently, Li et al. [21] proposed to learn relation-

ships between regions in the input image using graph con-

volutional network (GCN) [17] and capture image-phrase

correspondence for image-text matching. To enable fine-

grained image-text matching, Liu et al. [26] constructed a

visual graph for the input image and textual graph with the

compositional semantics of the caption, respectively. They

successfully achieved state-of-the-art performance by learn-

ing correspondences between two structured graphs. Simi-

larly, Chen et al. [1] recently proposed a hierarchical graph

reasoning method that learns fine-grained video-text corre-

spondence. They composed hierarchical graphs for video

and caption according to semantic roles, and performed

global and local matching between two graphs.

While these works have suggested methods that effec-

tively learn visual-text relations with structured representa-

tions, they cannot be directly applied to VideoQA. To our

knowledge, our work is the first attempt to perform relation

reasoning between appearance and motion information of

the video with compositional semantics of the question.

3. Method

Given a video V and a question q, the VideoQA problem

is generally formulated as follows:

ã = argmax
a∈A

Fθ(a|q,V), (1)

where ã is the answer that can be inferred in answer space

A. θ is the set of model parameters of mapping function F ,

which maps a pair of the video and question to the answer.

We illustrate proposed method in Fig. 2. We first extract

feature representations from the video and the question, and

construct graphs for appearance, motion, and question, re-

spectively (Sec. 3.1). The question nodes propagated to

the visual graphs using question-to-visual interactions to

learn question conditioned visual representations (Sec. 3.2).

Thereafter, the nodes in each visual graph are aggregated

into relevant nodes in the relative visual graph over a ques-

tion bridge to enhance visual representations by learning

appearance-motion relations (Sec. 3.3). Lastly, the final vi-

sual and question representations are concatenated and fed

into the decoder to infer the answer (Sec. 3.4). Tab. 1 sum-

marizes the notations used over our method. Following sub-

sections, we depict the proposed method in details.

3.1. Feature Extraction and Graph Construction

Visual representations and visual graphs. Similar to

the previous works for videoQA [18, 10], we divide the

video V of L frames into N uniform length clips C =
{C1, ..., CN}, such that the length of each clip is T = L/N .

To represent two types of information of the video, we ex-

tract frame-wise appearance feature vectors V and clip-

wise motion feature vectors M. In our work, V and M

are extracted from the pretrained feature extractor (e.g.,

ResNet [9] and ResNeXt-101 [8]). The extracted fea-

tures are fed into the linear feature transformation layers to

project V and M into d′-dimensional feature space to ob-

tain V̂ = {v̂l|v̂l ∈ R
d′}Ll=1

and M̂ = {m̂n ∈ R
d′}Nn=1

,

respectively.

With appearance and motion representations, we con-

struct an appearance graph Gv and a motion graph Gm as

undirected fully-connected graphs. The frames and clips

are set to nodes, and each node is connected with all the

other nodes in each graph with edges. The weight matrices

W
v and W

m, which represent node connections and their

edge weights are computed by the affinity between node
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Notation Role

V̂, M̂ Input visual node representations

U Input question node representation

W
v , Wm, Wq Weight matrices of graphs

S
v , Sm Q2V interaction matrix

Ṽ, M̃ Output of Q2V interaction

U
v
b , Uv

b Bridged visual representations

Û
v
b , Ûm

b Aggregated question representations

S
v
b , Sm

b V2V interaction matrix

V
f , Mf Output of V2V interaction

Table 1. Notations of Bridge to Answer

representations of V̂ and M̂ as

wv
ij =

exp(λv̂T
i v̂j)∑L

j=0
exp(λv̂T

i v̂j)
, wm

ij =
exp(λm̂T

i m̂j)∑T

j=0
exp(λm̂T

i m̂j)
,

(2)

where wv
ij and wm

ij indicate the edge weights between i-th
and j-th node in each graph. λ is a scaling factor.
Linguistic representations and question graph. For the

linguistic representation, we first embed all words in the

question into 300-dimensional vectors with pretrained word

embeddings (e.g., GloVe [30]). In the case of multiple

choice questions, the words in answer candidates are also

embedded. The embedded vectors are passed through a

Bidirectional Gated Recurrent Unit (BiGRU) to establish

the context dependency between words and are projected

into the d′-dimensions feature space. The linguistic repre-

sentations U = {ui|ui ∈ R
d′}Ki=1

are obtained by concate-

nating the hidden states of forward and backward GRU at

each time step, and applying a linear feature transformation,

where K is the number of words in a question.

To take compositional semantic structure of the question

into the question graph Gq , we identify the semantic de-

pendency within the question (and answer candidates) us-

ing Stanford CoreNLP [28]. This parser is used to analyze

the components in a sentence (e.g., nouns, verbs, or quanti-

fiers) and parse their semantic dependencies (e.g., nominal

subject or adjectival modifier). For example, given a ques-

tion “What is the woman in the red holding in her hand?”,

“What”, “red”, and “holding” are semantically dependent

with “woman”. Based on these dependencies, we set each

word as a node and connect two nodes if they are semanti-

cally dependent. To obtain the weight matrix of the ques-

tion graph, we compute the affinity matrix E of the question

representation U as

eij =
exp(λûT

i ûj)∑K

j=0
exp(λûT

i ûj)
, (3)

where eij indicates the affinity between the i-th and j-th

question node and λ is a scaling factor. Then the weight

matrix W
q is represented by a Hadamard product between

E and the adjacency matrix A, followed by L2 normaliza-

tion, such that,

W
q = ||E ◦A||2, (4)

where the adjacency matrix A represents the connectivity

of the question graph.

3.2. Question­to­Visual Interactions

The goal of question-to-visual (Q2V) interactions is to

learn question conditioned visual representations by associ-

ating the question nodes with visual nodes and propagating

question representations along visual edges through graph

convolution layers [17]. The Q2V interactions are per-

formed as question-to-appearance (Q2A) and question-to-

motion (Q2M) interaction, respectively. Since Q2V interac-

tions are symmetric operations on each graph except for the

number of nodes, we describe Q2A interaction in detail and

then roughly depict that on Q2M interaction. Specifically,

we first obtain an interaction matrix S
v by applying soft-

max function to the affinity matrix between V̂ and U along

the question axis, such that Sv = softmaxU(λV̂U
T ). The

interaction value svij represents how much the j-th question

node is associated with the i-th appearance node. All the

question nodes are aggregated to the corresponding visual

node with S
v , followed by a fully connected (FC) layer, so

that the aggregated appearance node representation is for-

mulated as

v̂
′
i = σ(Wv

f (v̂i +

K∑

j=1

svijuj) + b), (5)

where v̂
′
i is the i-th node representation of the aggregated

appearance graph, Wv
f and b are the learnable parameters

of FC layer, and σ(·) is an activate function such as ReLU.

Subsequently, we apply consecutive graph convolution

layers that take V̂
′ and the weight matrix W

v as inputs to

propagate the aggregated node to its neighborhoods along

the appearance edges. Formally, the output of Q2A interac-

tion is represented as

Ṽ = F(Wv, V̂′|Wv
g), (6)

where W
v
g is the set of parameters of graph convolution

layers.1

Symmetrically, question-to-motion (Q2M) interaction,

which is performed to obtain the question conditioned mo-

tion representation M̃, can be formulated as

m̂
′
i = σ(Wm

f (m̂i +

K∑

j=1

smijuj) + b),

M̃ = F(Wm, M̂′|Wm
g ),

(7)

1We denote consecutive graph convolution layers as a feed-forward

process F .
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(a) Question: What is a man doing?

Baseline: Look

Ours: Tie

Groundtruth: Tie

(b) Question: What is a woman applies a concealer to the 

lower portion of her right cheek and blends it doing?

Baseline: Talk

Ours: Makeup

Groundtruth: Use

Figure 3. Example questions for challenging conditions. (a) Sudden transitions of the scene lead to confusion in the model capturing

the visual relation. (b) Long and complex question composition makes it difficult for the model to learn a properly conditioned visual

representation. Our model with the capacity to capture relations of heterogeneous cross-modal graphs copes with these challenging cases.

where S
m = softmaxU(λM̂U

T ) and W
m
g is the set of pa-

rameters of graph convolution layers.

3.3. Visual­to­Visual Interactions

One of the most important capabilities for VideoQA is

to capture and incorporate the relations between appear-

ance and motion information. To realize this, we present

visual-to-visual (V2V) interaction that learns semantic rela-

tionships between appearance and motion. Different from

previous works [6, 5] that appearance and motion informa-

tion directly interact, we use the question graph as a bridge

to leverage compositional semantics of the question. Since

the structure of the question graph reflects semantic de-

pendencies between words, the question conditioned visual

node can effectively be delivered to the relative visual nodes

along the question edges.

The V2V interaction can be summarized as three-fold:

1) one visual graph is bridged to the question graph, 2) the

bridged node representation is propagated along the ques-

tion edges through graph convolution layers and aggregated

to the question graph, and 3) the aggregated question node

is delivered to the relative visual graph. Concretely, motion-

to-appearance (M2A) interaction begins by bridging motion

and question graphs. A bridged motion representation, de-

noted as Um
b , can be obtained as a weighted combination of

the question conditioned motion representation M̃, where

the weight is the interaction between U and M̃, such that

U
m
b = softmax

M̃
(λUM̃

T )M̃. (8)

The bridged representation is propagated to its neighbors

along the question edges through graph convolution layers

and aggregated to the question representation as

Û
m
b = U+ F(Wq,Um

b |Wm
gb), (9)

where W
m
gb is the set of trainable parameters of graph con-

volution layers. This form of the aggregated question graph

enables the representation to have motion and question in-

formation simultaneously.

Finally, the aggregated question node is delivered to the

appearance graph to obtain a question conditioned appear-

ance representation attributed to motion. The output of

M2A interaction can be formulated by following equation:

v
f
i = σ(Wv

b (ṽi +

K∑

j=1

(svb )ij(û
m
b )j) + b),

S
v
b = softmax

Ûm

b

(λṼ(Ûm
b )T ),

(10)

where v
f
i is the i-th node representation of the final appear-

ance graph, Wv
b and b are the parameters of FC layer.

As a symmetric process, the node representation of the

final motion graph M
f can be obtained with A2M interac-

tion by following equations:

U
v
b = softmax

Ṽ
(λUṼ

T )Ṽ,

Û
v
b = U+ F(Wq,Uv

b |W
v
gb),

m
f
i = σ(Wm

b (m̃i +
K∑

j=1

(smb )ij(û
v
b )j) + b),

S
m
b = softmax

Ûv

b

(λM̃(Ûv
b )

T ),

(11)

where W
v
gb and W

m
b are the weight parameters of graph

convolution layers and FC layer, respectively.

We apply an average pooling to the final visual node rep-

resentations along the temporal axis to vectorize the repre-

sentations, and concatenate them to make the incorporated

visual representation o:

v̄ =
1

L

L∑

l=1

v
f
l , m̄ =

1

N

N∑

n=1

m
f
n,

o = [v̄; m̄],

(12)

where [·; ·] denotes concatenation operation.

3.4. Answer Decoder and Loss Functions

Following previous works [5, 18], we use different an-

swer decoders depending on the type of question. Specif-

ically, we treat open-ended questions as a multi-label clas-

sification problem. The decoder takes the final visual rep-

resentation o and the averaged question representation ū to
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Model Action Trans. Frame Count

ST-TP [11] 62.9 69.4 49.5 4.32

Co-mem [6] 68.2 74.3 51.5 4.10

PSAC [24] 70.4 76.9 55.7 4.27

HME [5] 73.9 77.8 53.8 4.02

L-GCN [10] 74.3 81.1 56.3 3.95

QueST [12] 75.9 81.0 59.7 4.19

HCRN [18] 75.0 81.4 55.9 3.82

Ours 75.9 82.6 57.5 3.71

Table 2. Performance comparison for several tasks on TGIF-

QA [11] dataset with state-of-the-art methods. The lower the bet-

ter for count.

compute label probabilities p ∈ R
|A|:

y = σ(W2[o,W1ū+ b] + b),

y′ = σ(Wyy + b),

p = softmax(Wy′y′ + b),

(13)

where W1, W2, Wy , and Wy′ are of learnable parameters

of the decoder. We employ the cross-entropy loss for open-

ended questions.

We treat repetition count task as a linear regression prob-

lem that the decoder takes y′ in Eq. (13) as an input and

applies a rounding function for integer count results. The

Mean Squared Error (MSE) is employed as the loss func-

tion.

For multiple choice question types (i.e., repeating ac-

tion and state transition), |A| answer candidates are used to

make a set of visual representations corresponding to each

candidate in the same way with the question. As a result,

we have a set of final visual representations, o conditioned

by the question, and {oa
i }

|A|
i=1

conditioned by answer candi-

dates. The classifier for multiple choice question takes o,

o
a
i , ū, and answer candidates āi to output probabilities for

candidates as follows:

yi = [o,oa
i ,Wwū+ b,Waāi + b],

y′i = σ(Wyyi + b),

si = Wy′y′i + b,

(14)

where W1, Wa, Wy , and Wy′ are of learnable parameters

the decoder. Then, the candidate with the largest s value is

selected as the answer such that,

ã = argmax
i

si. (15)

We employ the hinge loss [7] between incorrect answer

score sn and correct answer score sp, max(0, 1+ sn − sp),
as the loss function.

4. Experiment

4.1. Datasets

TGIF-QA [11] dataset contains 72K animated GIF files

and 165K question answer pairs. The dataset provides four

Model MSVD-QA MSRVTT

AMU [38] 32.0 32.5

HRA [2] 34.4 35.0

Co-mem [6] 31.7 31.9

HME [5] 33.7 33.0

L-GCN [10] 34.3 -

QueST [12] 36.1 34.6

HCRN [18] 36.1 35.6

Ours 37.2 36.9

Table 3. Performance comparison for open-ended questions on

MSVD-QA [38] and MSRVTT-QA [39] datasets with state-of-the-

art methods.

kinds of tasks that address the unique properties of videos.

Repetition Count is to retrieve number of occurrences of an

action. Repeating action is a task to identify an action re-

peated for a given number of times among multiple choices.

State Transition is a multiple choice task to identify an ac-

tion regarding the temporal order of action state. Frame QA

is to find a particular frame in a video that can answer the

questions.

MSVD-QA [38] dataset contains 1, 970 short clips and

50, 505 question answer pairs. The questions are composed

of five types, including what, who, how, when, and where.

MSRVTT-QA [39] dataset contains 10K videos and

243K question answer pairs. While types of questions are

the same with MSVD-QA dataset, the contents of the videos

in MSRVTT-QA are more complex and the lengths of the

videos are much longer from 10 to 30 seconds.

For the evaluation metrics, we use Mean Squared Error

(MSE) for repetition count on TGIF-QA dataset and use ac-

curacy for all the other experiments.

4.2. Implementation Details

We divide the video into 8 clips containing 16 frames in

each clip by default. Following the previous work [18], the

long videos in MSRVTT-QA are additionally divided into

24 clips. We train our model for 25 epochs with a batch

size of 16 for TGIF-QA and MSVD-QA datasets, and of 4

for MSRVTT-QA dataset. The learning rate is set to 10−4

and decayed by half for every 5 epochs. The reported results

are at the epoch showing the best validation accuracy.

4.3. Experimental Results

We compare our model with several state-of-the-art

methods on TGIF-QA, MSVD-QA, and MSRVTT-QA

datasets.2 For TGIF-QA dataset, we compare our model

with [11, 6, 24, 5, 10, 12, 18] in Tab. 2. We display eval-

uation results over four tasks, including repeating action,

state transition, frameQA, and repetition count. The results

2Reported values of the other methods are taken from the original pa-

pers and [18]
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Model Act. Trans. F.QA Count

Input conditioning

w/o appearance 72.8 77.2 - 4.01

w/o motion 68.2 75.5 57.3 4.21

Interaction

w/o Q2V, V2V 69.4 75.3 51.4 3.97

w/o Q2A 73.9 80.1 52.7 3.87

w/o Q2M 73.1 78.2 56.8 3.90

w/o Q2V 72.3 76.3 52.6 3.95

w/o A2M 74.7 81.4 56.1 3.84

w/o M2A 74.8 80.9 56.9 3.86

w/o V2V 74.1 78.5 56.5 3.89

Bridge conditioning

w/o bridge 75.1 81.7 56.9 3.83

Parameter λ
λ = 1 75.1 81.5 56.2 3.80

λ = 5 75.3 81.8 57.2 3.77

λ = 10 75.9 82.6 57.5 3.71

λ = 20 75.4 82.2 57.1 3.73

Full model 75.9 82.6 57.5 3.71

Table 4. Ablation studies for input conditioning, interaction, and

the value of λ on TGIF-QA dataset [11]. Act.: Action; Trans.:

Transition; F.QA: Frame QA. When not explicitly specified, we

use λ = 10. The lower the better for count.

show that our model achieves state-of-the-art performance

and outperforms the existing methods on all tasks except for

FrameQA task.

For MSVD-QA and MSRVTT-QA datasets, our model is

compared with [38, 2, 6, 5, 10, 12, 18] in Tab. 3. Since these

datasets provide open-ended questions, they are referred to

as highly challenging benchmarks compared to the TGIF-

QA dataset. Our model achieves 37.2% and 36.9% accu-

racy, outperforming the existing approaches by 1.1% and

1.3% for accuracy, respectively.

We provide qualitative results for two challenging exam-

ples in Fig. 3. The first example shows that a sudden tran-

sition of the scene causes the problem of capturing seman-

tic relations. Our model handles this problem by learning

in-depth semantic relations, not positional relations. The

second example reflects the case in which a long and com-

plex question has given3. Our model successfully analyzes

this long and complex question by explicitly modeling the

compositional semantics of the question.

4.4. Ablation Studies

To validate the effectiveness of components within our

model, we conduct extensive ablation studies on TGIF-

QA [11], as shown in Tab. 4. Ablation studies widely

cover the results according to input conditioning, interac-

tions, question bridge, and the value of the parameter λ.

3Groundtruth is probably incorrectly annotated.

Parameter λ MSVD-QA MSRVTT

λ = 1 35.3 33.8

λ = 5 36.9 35.0

λ = 10 37.2 36.6

λ = 20 36.5 36.9

Table 5. Performance comparison with different λ values on

MSVD-QA [38] and MSRVTT-QA [39] datasets.

The overall result verify that all components affect perfor-

mance, and even any direction of interaction contribute to

the performance improvement. The detailed analyzes are

described below.

Effect of input conditioning. We study the effect of the

input condition with following settings:

◮ w/o appearance: Remove appearance feature from full

model. Q2A and V2V interaction also been removed. Since

the frames are not used in this setting, we do not measure

the performance for FrameQA. ◮ w/o motion: Remove

motion feature from full model. Q2M and V2V interac-

tion also been removed. We find that while the absence of

either appearance or motion feature is critical to the per-

formance, motion contributes more to the performance in

action-related tasks. The results of FrameQA show that mo-

tion information does not play an important role in tasks

where appearance information of the frame is important.

Effect of interactions. To investigate the effectiveness of

each interaction (e.g., Q2A or A2M), we evaluate our model

with all possible combination of interactions:

◮ w/o Q2V: Not using question conditioned visual repre-

sentations and performing V2V interaction only with the

question bridge. ◮ w/o Q2A or w/o Q2M: Using only one

question conditioned visual representation (i.e., using V̂

and M̃, or Ṽ and M̂). ◮ w/o V2V: No interaction between

the two visual representations. ◮ w/o A2M or w/o M2A:

Using one-way V2V interaction (i.e., motion to appearance

or appearance to motion only).

Overall we find that the absence of any direction of

interaction significantly degrades the performance on all

tasks. Specifically, Q2V works as a primary component for

VideoQA. This is not surprising given that learning question

conditioned visual representations is one of the most im-

portant ingredient for VideoQA. The notable performance

degradation due to the ablation of Q2M is shown in all the

tasks except for FrameQA.

We also find that A2M and M2A are complemented each

other from the results that promising performance can be

achieved with only one-way interaction. To analyze V2V

interaction, we display the visualization for the connectiv-

ity of motion-question and question-appearance as shown

in Fig. 4. We depict M2A interaction only and represent

the clips as frames sampled at each clip for visibility. The

clips and words are placed according to temporal and word

15532



Clips

(Motion)

Question

Frames

(Appearance)

What is a man rubbing the head of with his hand

0.15 0.17 0.16 0.13 0.13 0.13 0.2 0.18

0.08 0.07 0.08 0.15 0.13 0.08 0.1 0.08 0.08 0.09 0.11

Figure 4. Visualization of M2A interaction. Although any two graphs are fully connected by interaction value, we only indicate the

connection with the largest value in each interaction matrix for visibility. Note that the clips are represented by frames sampled from each

clip.

order, respectively, and corresponding frames of each word

are placed regardless of temporal order. The connections

indicate that two nodes are associated with the maximum

interaction value. For example, the first clip is associated

with the word “man” by the interaction value of 0.15, and

the word “man” is related to the fourth frame by the in-

teraction value of 0.15. Note that, when all the nodes are

connected with uniformly distributed weights, the motion-

question interaction value and the question-appearance in-

teraction value is 0.09 and 0.008, respectively. The results

show that the relavant nodes are connected with relatively

high interaction values, and the question node is also con-

nected with the appearance node through semantic relation.

Effect of the question bridge. The question bridge is

a key component to leverage the compositional semantics

of the question. To verify the effectiveness, we conduct

ablation study for the question bridge. The V2V interac-

tions without the question bridge are performed by directly

aggregating the relative node representations based on the

affinity value between appearance and motion nodes. For

instance, the output of the M2A interaction without the

bridge is obtained by

v
f
i = σ(Wv

wob(ṽi +

T∑

j=1

(svwob)ijm̃j) + b), (16)

where S
v
wob = softmax

M̃
(λṼM̃

T ).
The results at each task demonstrate the advantage of the

bridged architecture with the performance improvement of

0.5%, 0.9%, 0.6% for accuracy, and 0.12 for MSE value,

respectively.

Effect of λ. The scaling parameter λ adjusts the relative

weight of different nodes in Q2V and V2V interactions and

the edge weight of graphs. The large value of λ distills

nodes highly correlated to the specific node and filters out

irrelevant nodes. Contrary to this, the small value of λ is

difficult to distinguish relevant nodes. Therefore, it is im-

portant to properly set the value of λ. To investigate the per-

formance with various λ values, we measure VideoQA per-

formance by setting the λ as 1, 5, 10, 20. Not surprisingly,

Lager λ shows better performance compared to λ = 1.

We additionally evaluate our model according to λ val-

ues on MSVD-QA [38] and MSRVTT-QA [39] datasets. As

shown in Tab. 5, our model yield highest performance when

λ = 10 on MSVD-QA. The results on MSRVTT-QA show

that λ = 20 brings out the best performance. The differ-

ent optimal value of λ on two datasets might be caused by

different lengths of videos.

5. Conclusion

We proposed a novel method for VideoQA, called

Bridge to Answer, that constructs heterogeneous multi-

modal graphs and learns relations between visual and ques-

tion graphs to learn question conditioned visual represen-

tations attributed to appearance and motion. In the pro-

cess, in-depth semantic relations between visual and ques-

tion graphs are encapsulated to visual representations using

question-visual interactions. The relations between appear-

ance and motion graphs are modulated by compositional se-

mantics of the question as a bridge to effectively enhance

each relative visual representation. This bridged structure

allows a model robust to the scene composition and so-

phisticated structure of the question. Our model was evalu-

ated on several VideoQA benchmarks, including TGIF-QA,

MSVD-QA, and MSRVTT-QA, achieving state-of-the-art

performance.
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