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object poses, images, language description to understand the
environment [5]. Tan et al. propose the new Embodied Scene
Description problem, where the agent needs to �nd an optimal
viewpoint in its environment for scene description tasks [26].
Additionally, Gandhi et al introduce the sound information for a
richer environment understanding. The interaction between the
sound and robotic action is investigated [13]. In the proposed
MQA task, the robot is also required to have a semantic
understanding of the environment. Meanwhile, the robot should
well understand the question and thus perform manipulation
actions to respond.

III. PROBLEM FORMULATION

In this section, we formally state the problem formulation
of the MQA task. Given a questionq, which is represented
by a natural language sentence, and the state vectorst of the
environment, wheret is the time instant, the task of MQA is
to obtain a manipulation action

at = M (st, q),

whereM is the manipulation module that should be developed.
This forces the state to become as

st+1 = f (st, at).

wheref is the intrinsic dynamics of the environment.
The above procedure should be repeated until thestop action

is triggered. Then the answer corresponding to the problemq
can be obtained as

ans = QA (s0, sT , q),

whereT is the terminated time instant,s0 is the initial state
andsT is the terminal state. The QA modelQA adopts the
two states and the inquiryq to generate the answer.

In this work, our task is to design the manipulation module
M and the QA modelQA , and integrate them into a uni�ed
framework to realize the MQA. The challenge of the MQA task
mainly lies in two aspects. One is that the robot is required to
understand the semantic information of the given question
and visual environment. The other is that a manipulation
action sequence should be generated based on this high-level
semantics to answer the question.

IV. MQA DATASET

As our task is newly proposed, there is no suitable off-the-
shelf dataset for experiments. Therefore, we establish our own
dataset for the MQA task. The MQA dataset is built under the
V-REP [24] simulation environment, and it is composed of a
variety of 3D object models, different scenes, and corresponding
question-answer pairs for every scene (Fig.2). The established
MQA dataset is designed with the explicit goal of training
and testing how a robotic manipulator actively explores the
environment with manipulation actions to �nd the answer to
the given question. The dataset is already released and publicly
available.

(a) simulation environment (b) 3D object models

(c) different scenes (d) question-answer pairs

Fig. 2. The overview of the MQA dataset.

A. Simulation Environment

In the MQA task, the robotic manipulator needs to perform
manipulation actions to change the environment in order to
answer the question. Considering the situation that the real
robotic platform is usually subjected to restricted experimental
environment, it is thus not scalable to the unstructured real
environment. Additionally, it is very costly and unsafe to train
learning algorithms that require thousands of iterations with the
real robot. Therefore, we resort to the V-REP robotic simulator,
which provides satisfying realistic visual renderings and an
accurate physics engine (bullet engine) to generate the large-
scale MQA dataset.

We consider the bin scenario, where selected objects are
placed in the bin randomly. A UR5 robotic manipulator with
a gripper is placed in front of the bin to perform manipulation
actions. The visual information of the scene is captured with
a Kinect camera, which is �xed on the top of the bin.

B. 3D Objects

We select 20 classes of common objects (Fig.3), and 3
different instances are picked for each class. We try to make
the size and color of these objects as diverse as possible.
Some objects have relatively regular shapes, such as the box
and cylinder, but some are very irregular, such as a gamepad,

Fig. 3. Objects selected in the MQA dataset.
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bringing challenges for the perception and manipulation. There
are altogether 60 different instances in the dataset, and each
instance is represented by its 3D-model and corresponding
texture, which makes it look more real.

C. Scene Generation

The scenes are generated according to different dif�culty
levels. For each scene, We randomly selectn objects from all
60 objects, wheren is determined by the dif�culty level of the
scene. We de�ne three dif�culty levels, namelyeasy (n = 20),
medium (n = 35) andhard (n = 50) levels. To generate the
scene, the objects are thrown into the bin randomly and the
position of the object is recorded. Fig.4 demonstrates some
initial scenes regarding to different dif�culty levels. We generate
100 initial scenes, among which 30 are ofeasy level, 30 are
of medium level, and 40 are ofhard level. It's noted that these
100 initial scenes will be changed continuously during the
manipulation process resulting in 100 scene series.

(a) easy scene (b) medium scene (c) hard scene

Fig. 4. Initial scenes with different dif�culty level

D. Question-Answer Pairs Generation

The types of questions are designed considering the bin
scenario. Inspired by [10][14], the template-based method is
used to generated questions. And four kinds of questions are
considered in the dataset, namely COUNTING, EXISTENCE,
SPATIAL, and LOGIC questions. The question templates are
demonstrated in TABLE II. Thef OBJg can be replaced with
speci�c object classes in Fig.3.

TABLE II
QUESTION TEMPLATES

COUNTING How many f OBJg are there in the bin?
EXISTENCE Is there a f OBJg in the bin?
SPATIAL Is there a f OBJ1g under the f OBJ2g?
LOGIC Is there a f OBJ1g and a f OBJ2g in the bin?

These generated questions cover a wide variety of situations,
requiring different degrees of interaction between the robot
and environment. For example, COUNTING questions would
necessitate the robot having a memory, in order not to double
count a query object. Besides, multiple manipulations may be
required to answer EXISTENCE questions, as the robot has
to actively explore the entire bin when the query object is not
directly visible at �rst. SPATIAL questions require the robot
to identify the spatial relationship between two objects.

Based on the templates, we generate very diverse and large
amount of questions in the dataset. For each initial scene,
20 EXISTENCE questions, 20 COUNTING questions, 380

LOGIC questions and 380 SPATIAL questions are generated
respectively. For training purpose, we randomly select 20
questions for each type. The answer to each question can be
automatically generated from an oracle view in the simulator .

It is noted that since COUNTING question represents a
typical type of question that usually requires the agent to
perform multiple actions in order to answer, re�ecting the
core idea and characteristics of the proposed MQA task. It is
speci�cally selected to be solved in this paper and we leave
the others for the future work.

E. Dataset Analysis

The constructed MQA dataset is composed of 100scene
series, each of which consists of one initial scene, and multiple
successive scenes. There are 20 question-answer pairs for each
type of questions. Therefore, 2000 questions are generated for
each question type. In the experiment, the training set accounts
for 70% of the total data, and the test set accounts for 30% of
the total data.

Among all COUNTING questions, the answers range from 0
to 3. We �nd the probability of 0, 1, 2 and 3 answers are close
to each other, and the dataset of COUNTING questions is well
balanced (Fig.5(a)). At the same time, for scenes of different
dif�culty levels, the answers presents different distribution
(Fig.5(b)). In easy scenes, most of the answers are 0 and 1.
In medium scenes, most of the answers are 1 and 2. Inhard
scenes, most of the answers are 2 and 3. This is consistent
with practical situation. As the more complex the scene is,
the more objects there are. And it is more likely that objects
are occluded by each other, bringing challenges to answer
COUNTING questions.

For other types of questions, among EXISTENCE questions,
we set the possibility of answer�Yes� to be greater than that of

�No� in our dataset. This is because we consider that in reality,
when asking EXISTENCE question, we often believe that there
are books in the bin. This unbalanced distribution of answers
makes it dif�cult to solve the EXISTENCE questions. Among
SPATIAL questions, although we have a cluttered scene, due to
the large number of object pairs in total, the�Yes� answers only
occupy a small ratio. Among LOGIC questions, the situation
is similar to EXISTENCE questions, while we have more�No�
answer than it is in the EXISTENCE questions. It is because
that the requirements for LOGIC questions are more strict.

V. MQA MODEL

The proposed MQA system is mainly composed of two
parts, manipulation module and QA module. An overview of
the work�ow is demonstrated in Fig.6. When a new MQA
task starts, the manipulation module will be activated �rst. The
manipulation module will take the RGBD images of the scene
and the question as input and output manipulation actions.
The agent explores the environment until the question can
be answered. The manipulation module decides when to stop
exploring. Then, the QA module will give an answer based on
the initial scene, the �nal scene and the question.

 ���



(a) answers to COUNTING questions(b) answers to COUNTING questions
in different scenes

Fig. 5. COUNTING questions dataset analysis

Fig. 6. The work�ow of MQA system.

A. Manipulation Module

As demonstrated in Fig.7, the proposed manipulation module
is composed of three parts, namely the visual encoding part,
the question encoding part and the action generation part. A
DQN model is designed to generated manipulation actions. We
will elaborate the state space, action space, and reward design
as follows.

1) state space: Our state space is a continuous space that
comes from two sources: RGBD images and question. The
outputs of the visual encoding part and question encoding part
are concatenated providing the current state. The state in our
system has a size of28� 28� 64. In the visual encoding part,
both the RGB and depth images of the scene are fed into the
network in parallel. We use the Resnet101 architecture pre-
trained on the ImageNet dataset as the backbone of this part.
The FC layer of the Resnet101 is replaced with a convolutional
layer to output the feature map. The obtained feature map has
a size of28 � 28 � 32, where each point represents an area
in the RGB image. For the question encoding part, we use
a 2-layer LSTM network to encode the given question. It is
because LSTM is suitable for encoding natural language and
it can be generalized to handle different types of questions.

2) action space: We use pushing actions for the robot to
manipulate objects in the scene. We de�ne 9 speci�c pushing
actions on each location, the robot can choose to push the object
from 8 directions with a �xed distance or to stop manipulation.
We useOi = i � 45� (i = 0 ,1,2, ...,7) to represent 8 directions,
and the push distance is 1/4 size of the image width.

3) reward design: A Q-value heatmap obtained from action
generation part is used to design the reward for network
updating. In order to make the model learn manipulation actions

more ef�ciently, we design the reward of DQN model according
to different conditions.

Firstly, we de�ne the overlap rateχ of an object.

χ = 1 �
As

At
(1)

whereO is the overlap rate,At is the complete projected area
of the object on the RGB image plane andAs is the projected
area of the same object part that can be seen.

We design the reward based on the complexity of the scene.
The more simple the scene is, the more easy it is to answer the
question. In this paper, we take the COUNTING question as an
example. We consider that the COUNTING question is most
likely to be answered correctly when both all queried objects
in questions can be seen in the scene and with an overlap rate
of at most 0.2, which is supposed to be a simple scene. If
the scene doesn't meet this requirement, the model will get a
reward of -1 for doing harmful to the question answering task.
Otherwise, the model will get a reward of 1.

If the manipulation model still outputs the push manipulation
when the scene is simple enough, the model will receive a
reward of 0 for outputting redundant manipulation. If the model
outputs the push manipulation when the scene is not simple
enough for question answering, the model will get a reward
composed of two parts:Re denoting the reward for exploring
the environment andRq denoting the reward for answering
the questions. The total reward is equal to the weighted sum
of the two parts (Eq.(2)). The weight changes with time. At
the beginning, the weightβ of the Re is 1. Because it is
dif�cult to directly learn the manipulation that is bene�cial
to question answering in the initial stage, it is necessary to
let the model learn to explore the environment �rst. With
the increase of training times of DQN,β decreases, and the
model is supposed to learn exploration manipulations which
are bene�cial for question answering.

Reward = βRe + (1 � β)Rq (2)

whereβ is de�ned as

β =

(
1 � 0.5Sn

T Sn � T

0.5 Sn > T
(3)

whereSn is the step numbers of DQN during training,T is
the half size of replay memory.
Re is de�ned according to the following steps:p1 ,p2 , ...pn

denote positions of objects in the scene. Positions will be
updated top

0

1 ,p
0

2 , ...p
0

n after a manipulation action is imple-
mented. ThenRe is de�ned as:

Re = max(
jpi � p

0

ij
jpij

, i = 1 ,2,3....n) (4)

For Rq, since there may be more than one target object in
the scene, it is designed to have two parts: global partRg and
local partRl. We consider objects of the target category which
is the object category mentioned in the question. Suppose there
arem objects of target category in the scene (m = 0 means
that the scene is simple enough and no target object is in it),



Fig. 7. The architecture of the proposed manipulation module

(χ1, χ2, ..., χm) is the overlap rate of thesem objects of target
category,(χ

′

1, χ
′

2, ..., χ
′

m) is the overlap rate of them after a
manipulation action is implemented.Rg is the rate of change
of average overlap rate of all objects:

Rg =
χa � χ

′

a

χa
, where χa =

P m
i=1 χi

m
,χ

′

a =
P m

i=1 χ
′

i

m
(5)

As for Rl, we pay attention to a single object. And we focus
on the most occluded object. Because the most occluded object
is most dif�cult to be detected by the algorithm, which is likely
to lead to wrong results.

Rl =
max(χ1, χ2, ..., χm) � max(χ

′

1, χ
′

2, ..., χ
′

m)
max(χ1, χ2, ..., χm)

(6)

Therefore,Rq can be represented by the weighted sum of
Rg andRl, and we will study the in�uence ofRg andRl

respectively in Section VI-B.

B. Question Answering Model

We use the VQA model in [10] for the question answering
model. The question answering model will be executed when
a stop action is generated by the manipulation module or
a maximum number of manipulation steps is achieved. We
denote the RGB image before manipulations asIstart and the
RGB image after manipulations asIstop. As shown in Fig.8,
these two images are encoded by convolutionary networks,
and the question is encoded by a 2-layer LSTM network. The
image-question similarity between the question and the two
images will be calculated as attention weights to fuse the two
image features. Then, the attention-weighted image features
combined with question encoding are passed through a softmax
classi�er to predict the answer.

Fig. 8. VQA model will give an answer based on the initial RGB image,
the �nal RGB image and the question.

VI. EXPERIMENTS

A. Evaluation of MQA System

In this section, we evaluate the performance of the MQA
system. The COUNTING question is speci�cally selected to
solve. The MQA system is evaluated on the test set which
includes 30 initial scenes and corresponding question-answer
pairs. As the proposed MQA task mainly emphasizes that agent
must perform actions to answer a given question, we select a
random algorithm, in which both the manipulation action and
the number of manipulation are randomly selected as baseline.
For the proposed DQN model, we evaluate its performance
with three types of reward design. The �rst system (DQN(Rg))
is based on our DQN model trained on the reward design of
Rq = Rg. The second system (DQN(Rl)) is based on our
DQN model trained on the reward design ofRq = Rl. The last



Fig. 9. The performance of our MQA system. When the robot receives a question, it will perform a series of manipulation actions to simplify the scene for
question answering. After the scene is simple enough for question answering, the robot will output an answer.

system (DQN(Rg + Rl)) is based on our DQN model trained
on the reward design ofRq = 0 .5Rg + 0 .5Rl.

For the three DQN models, we pretrained them �rstly for
the manipulation policy learning, and then all the four MQA
systems are trained for the answering accuracy improvement
(for DQN models, the weights are �xed). Finally, we test the
whole system on the COUNTING questions in the dataset. The
results are shown in TABLE III, where we bold the highest
accuracy of COUNTING task among the four methods.

TABLE III
ACCURACY OFMQA SYSTEM WITH DIFFERENT MANIPULATION POLICIES

Method Easy Scenes Medium Scenes Hard Scenes

random 0.2771 0.3079 0.2735
DQN(Rg ) 0.4767 0.3939 0.3388
DQN(Rl ) 0.4458 0.4242 0.5289

DQN(Rg + Rl ) 0.4536 0.4130 0.3838

As demonstrated in TABLE III, the accuracy of our MQA
system is sometimes less than half. However, compared with
the results of counting question in similar tasks such as IQA
and EQA, our performance is quite good. Actually, counting
question is indeed the most dif�cult one for this kind of QA
tasks. And these results can validate the effectiveness of our
framework.

Examples of the experiment are shown in Fig.9. The robot is

(a) the reward obtained in training (b) the reward obtained in testing

Fig. 10. The reward obtained in the training and testing processing

asked “How many scissors are there in the bin?” As is shown,
there is no scissor can be seen at the initial scene. And then the
robot performs manipulation actions to change the scene. After
the robot explores the �rst area where scissors may be hidden,
a pair of scissors is found. But the task is not �nished, the
exploration continues. After performing several manipulations,
the robot �nds another pair of scissors. Only when the robot
has explored all suspicious areas that may hide scissors, the
robot will give the answer. At last, the robot gives the answer
“Two” after �nishing the exploration.

B. Ablation Studies on Reward

In this section, we further perform the ablation studies on
the reward design, the accuracy of MQA system with different
manipulation policy is shown in TABLE III. All of the DQN
models perform better than the random baseline in all scenes.
DQN(Rl) system performs best in general, while the DQN(Rg)
system performs worst among the three DQN systems, and
the performance of DQN(Rg + Rl) is between DQN(Rg) and
DQN(Rl). It is because that the MQA task is a complex task
which pays attention to a speci�c type of target object in the
question and needs many steps to accomplish. For a single
step, if the robot focuses on the whole scene, the scene will
be changed as a whole and the target object will not receive
speci�c attention. If the robot focuses on the target object and
takes manipulate to change the scene step by step, the scene
will be simpli�ed more ef�ciently. In addition, we also note
that DQN(Rg) performs best in the easy scene. It is because
the number of objects in easy scenes is small enough that the
robot can focus on the whole scene to improve ef�ciency.

Then we analyze the reward obtained in the training process
(Fig.10(a)) and testing process (Fig.10(b)) based on the three
reward designs. It can be seen that the DQN model trained
whenRq = Rl or Rq = Rg is likely to get larger reward
both in the training and testing process. It is because that the
goal of the two models is more speci�c, either simplifying the
whole scene or simplifying the area near the most signi�cant
object. The reward obtained when the DQN model is trained


