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Abstract— We introduce a new task of question generation to
eliminate the uncertainty of referring expressions in 3D indoor
environments (3D-REQ). Referring to an object using natural
language is one of the most common occurrences in daily human
conversations; therefore, instructing robots to identify a certain
object using natural language could be an essential task in var-
ious robotic applications, such as room arrangement. However,
human instructions are sometimes uncertain. Existing research
on visual grounding using natural language in a 3D environment
assumes that the referring expression can uniquely identify
the object and does not consider that humans unconsciously
give uncertain expressions. When faced with uncertainties,
humans ask questions to gain further information. Inspired
by the above observation, we propose a method that reduces
uncertainty by asking questions when being given an obscure
referring expression. The purpose of this method is to predict
the positions of all candidate objects that satisfy the referring
expressions in a 3D indoor environment and then to ask the
appropriate questions to narrow down the target objects from
them. To achieve this, we constructed a new 3D-REQ dataset,
the input of which is a referring expression with uncertainties in
the 3D environment and point clouds, and the output of which
is the bounding boxes of all candidate objects satisfying the
referring expression and a question to eliminate the uncertainty.
To the best of our knowledge, 3D-REQ is the first effort to
eliminate the uncertainty of referring expressions for object
grounding in 3D environments.

I. INTRODUCTION

In recent years, the accuracy of object detection from
two-dimensional (2D) images has greatly improved [1],
[2]. More recently, a range of methods [3], [4] have been
proposed to detect three-dimensional (3D) objects from point
clouds and promising results have been reported in several
object detection benchmarks, such as ScanNet [5] and SUN-
RGBD [6]. 3D object detection will have a wide range of
applications, for example, helping household robots to work
efficiently at room organization in a 3D indoor environment.

However, when we want to instruct robots to take some
action on a specific object, it is not intuitive to refer to an
object by identifying all the details of that object, including
its name, attributes, and spatial location, through an interface,
such as on a smartphone or computer. It is more natural,
intuitive, and effortless for us to refer to an object or give
instruction through natural language. To solve this problem,
visual grounding, which identifies objects in 3D space using
referring expressions (natural language), has been studied[7],
[8]. However, these studies assume that the human has spo-
ken all the information necessary to identify the object, when
in practice, the robot may take unexpected actions when it
receives an uncertain referring expression as input. There-
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Fig. 1. Illustration of the proposed task. Given a referring expression of an
object in a 3D environment (note that unlike existing studies [8], [7], this
includes cases where more than one object might be the one being referred
to by the expression), our proposed method first detects all objects pointed
to by the referring expression and then generates a question to eliminate
uncertainties when necessary.

fore, in order to give interpretable instructions to robots,
humans would have to carefully observe the scene and pay
close attention to ensure that the referring expressions do
not contain uncertainty. This is a major problem for practical
applications.

When humans are given uncertain instructions, we reduce
our uncertainty of the situation by asking questions. Inspired
by this, we propose a new method, 3D-REQ, and dataset to
eliminate uncertainty in referring expressions in 3D environ-
ments. In detail, as shown in Figure 1, our dataset consists of
a 3D Scan, a referring expression describing a specific object,
and a question for eliminating the uncertainty within the
expression if necessary. This dataset contains questions that
can be used to properly sort out and reduce uncertainty when
multiple candidate objects are suggested by the referring
expression.

We also proposed a 3D object detector-based method
which detects all objects pointed to by the expression and
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generates a question to eliminate uncertainty. Using this
method, even if a human unintentionally gives an indeter-
minate instruction to the robot, the robot can appropriately
ask the human for the details of the instruction and can
communicate with the human in a way that is more similar
to daily life.

II. RELATED WORK

A. 2D Referring Expression for Visual Grounding

In recent years, there has been a dizzying growth in
research across the fields of image recognition and natural
language processing. Visual grounding is one of the rep-
resentative tasks which integrates image recognition with
natural language processing, tasked to localize image regions
from referring expressions in natural language. Hu et al.
[9] proposed a method for scoring candidate regions based
on CNN, while Deng et al. [10] proposed TransVG, which
is an end-to-end object grounding method based on the
Transformer structure. More recently, 3D visual grounding
with referring expression in 3D environments has also been
studied [7], [8].

B. Eliminating Ambiguity in Robotics

Natural language is often accompanied by ambiguity.
Hatori et al. [11] proposed a method for reducing ambiguity
in human instructions for the robot picking task. The target
candidate objects are drawn on the display, and the operator
is asked to provide further explanations. In their method,
an ambiguous situation is defined as a situation where
multiple objects have high levels of bounding box confi-
dence. Although Hatori et al. tried to recognize the object
ambiguities in robot picking, their proposed model does not
output additional information to distinguish those objects.
In contrast, in our study, the model learns to recognize the
ambiguity contained in referring expressions and outputs
question sentences to mitigate them.

C. 3D Object Detection

In recent years, many object detection methods for 3D
point clouds have been studied. In particular, object detection
based on PointNet [12] and PointNet++ [13] has been widely
used. Qi et al. proposed VoteNet [3], a CNN-based 3D object
detection method that uses Hough Voting [14] to achieve
3D object detection independent of 2D object detectors.
Misra et al. proposed 3DETR [4], a transformer-based end-
to-end method which outperforms VoteNet in ScanNetv2
[5], one of the most widely used large-scale datasets of 3D
environments for 3D object detection. Wald et al. proposed
3RScan [15], which is a large-scale 3D indoor environment
dataset. 3RScan contains 1,482 scans taken at different time
steps for 478 indoor environments. 3DSSG [16] is a dataset
constructed based on 3RScan for scene graph generation. We
created our dataset based on 3DSSG because the 3D scene
graphs are annotated for each scan.

D. 3D Vision and Language

While research across image and language has been widely
discussed in recent years, 3D vision and language is a
relatively new research topic. Here we introduce several
representative tasks related to 3D vision and language. VLN
[17] is a task of interpreting natural language instructions
in an unknown indoor environment and navigating to a goal
point. Along with VLN task, Anderson et al. also proposed
the Room-2-Room dataset, which contains instructions for
traversing 21,567 rooms based on the Matterport3D [18],
which is a large 3D indoor environment dataset. It also
predicts the robot’s viewpoint movement and other actions by
using a sequence-to-sequence neural network with the robot’s
first-person viewpoint as input. Finally, as a couple studies
on understanding object features and spatial information
from 3D point clouds using language, Angel et al. proposed
Scan2Cap[19], which generates bounding boxes and their
corresponding captions in a 3D environments, and Azuma
et al. proposed ScanQA [20], which generates bounding
boxes of objects in a 3D environment and their corresponding
answers to given questions.

In this study, we focus on the task of 3D visual grounding,
which locates objects in 3D environments by using natural
language-based referring expressions. There are some bench-
mark datasets for the 3D visual grounding task: ScanRefer
[8], which contains free referring expressions, Nr3D [7],
which contains interactive sentences, and Sr3D [7], which is
a template-based referring expression dataset. The referring
expressions contained in these datasets can identify a single
object in the 3D environment, and thus do not assume that the
input sentence is uncertain. In our proposed task, when there
is uncertainty in the referring expressions in the 3D visual
grounding setting, the model outputs all the bounding boxes
of the candidate objects and generates question sentences
to appropriately narrow down the target object from the
candidate objects.

ITII. DATASET

Datasets for the task of visual grounding by referring
expressions in a 3D environment can be divided into two
types: collected from human utterances and generated from
3D information in a rule-based method. The datasets con-
taining human utterances are the ScanRefer and the Nr3D.
The rule-based dataset is the Sr3D which consists of refer-
ring expressions describing the spatial relationships between
two objects. Both types of datasets contain only referring
expressions that uniquely identify objects and do not contain
uncertainty referring expressions. In addition, the output is
only bounding box information of the object identified by
the referring expressions.

As mentioned above, existing research does not deal with
uncertain representations. However, in the real world, there
are many referring expressions that include uncertainty, and
it is necessary to consider this when making them applica-
ble. Therefore, we attempt to eliminate the uncertainty of
referring expressions by constructing a dataset that includes
appropriate questions in natural language, as human usually

6147



tjf — right

Ift —

rlght
front
l"" - [teft | ’

plant
. standmg /
on i
L IIiiiIiiiiiiI Iiiiiiliiiliiiil
0 on on
green

vy v

\: windowsill \

\ plant

green
small

3D Scene

Scene Graph

Fig. 2.

4000
3500
3000
2500
2000
1500

1000

8
3

0

annesedwo)
auoN

715

10100
aunxa)
adeys
[EIEIE

P
o
)
=4
B
@
2.

°

Question types distribution of 3D-REQ.

Fig. 3.

use. The dataset we propose contains referring expressions in
each 3D scene, bounding boxes for all candidate objects that
satisfy the referring expression, and questions asking about
the feature or relationship that is causing the uncertainty, e.g.,
“What color is it?”.

A. 3DSSG

Our dataset is created based on 3DSSG following a rule-
based generation process. Here, we give some details of
the dataset. 3DSSG is a large-scale indoor 3D dataset, and
consists of 3D meshes and is densely annotated with 3D
scene graphs. In detail, 3DSSG is annotated with two main
types of attributes and three types of relationships. The
attributes are divided into static attributes such as color,
size, shape, and material, and dynamic attributes such as
“on/off” and “full/fempty”. In our proposed dataset, only
static features are used. Relationships are divided into sup-
portive relationships such as “standing on” and “lying on”,
proximity relationships such as “close by and “next to”, and
comparative relationships such as “bigger than” and “darker
than”. An object that has some relationship with the target
object is called an anchor. Considering validity for inclusion
in the referring expression, classes with three or more objects
in the same scene are removed from the anchor. Also, if the
target and anchor are objects of the same class, bidirectional
relationships such as “close by” are removed.

.' player \

‘/ white }

Referring Expression Templates
Random
Sampling Referring E ) The ttribt <target>
eferring Expression : -

(i <relationships> <anchor>.
<instruction> the the [<attribute
<target>.

Look the plant
standing on the Itis <relationships> <anchor>.
windowsill.
Calculating
Uncertainty The <target> <relationships> <anchor>.
Question
Generator It is <attribute> and <attribute>.

L What is the size?

Dataset generation process of the proposed dataset 3D-REQ.

B. Dataset Generation

The input to this dataset is referring expressions containing
point clouds and the possibility that an object cannot be
uniquely identified, and the outputs are bounding boxes for
all candidate objects and a question sentence to eliminate the
uncertainty. Pairs of referring expressions and questions are
generated by the following steps, as shown in Figure 2. First,
target objects are selected from the objects annotated by the
3DSSG dataset and attributes and relationships are randomly
sampled to generate referring expression sentences. The
generated referring expression sentences do not necessarily
uniquely identify a single object in the scene, and there
may be objects other than the target object with identical
attributes and relationships. These objects are defined as
uncertain objects, and the number of them is an uncertain
value. For these uncertainties, among the attributes that are
not used in the referring expression, a question statement
is selected about the feature that would have the lowest
expected value of indeterminacy after the question, rather
than a question statement that considers a specific feature of
the target object. The expected value of uncertainty E(U)
is expressed for the several instances (e.g., red, blue, round,
triangular) in the selected attributes (e.g., color, shape) as
the following equation, where pj is the probability that the
attribute instance is selected and zj, is the uncertainty when
the attribute instance is selected.

U):Zﬂik X P
k

If the target corresponding to the selected question does
not have any attributes, or if the question for any question
item does not eliminate the uncertainty, that question text
and referring expression pair is not added to the dataset.
Otherwise, it is added to the dataset, the attributes of the
target corresponding to the selected question are added to
the referring expression, and the process of selecting a new
question is executed.

(1)

C. dataset statistics

We created 15,469 referring expression sentences and
questions for each of 3DSSG’s 1,122 scans, including 7,361
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TABLE I
3D GROUNDING DATASET COMPARISONS.

Datasets Tasks Scans  Referring Expression ~ Uncertainty  Collection  Environment
ScanRefer [8] Grounding 800 51,583 No Human ScanNet
Nr3D [7] Grounding 707 41,503 No Human ScanNet
Sr3D [7] Grounding 707 83,572 No Template ScanNet
Ours Grounding, Question Generation 1,122 15,469 Containing Template 3RScan
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Fig. 4. Word clouds of all referring expression sentences in 3D-REQ.

TABLE II
TRAINING, VALIDATION, AND TEST SPLITS OF 3D-REQ.

Train  Validation  Test
Scene 967 117 38
Referring Expression 13,112 1,822 535

unique referring expression lists. The question types in 3D-
REQ are as follows and are shown in Figure 3: a comparative
question with a specific comparison item, such as “Is it
the higher one?”’; a relationship question question about
location, such as “Where is it?”’; and “None” when there
is no uncertainty in the referring expression. See Figure 1
for two examples of the 3D-REQ. We also show the word
clouds of 3D-REQ in Figure 4, the dataset comparison in
Table I, and the dataset splits in Table II.

IV. PROPOSED METHOD

To address the task of generating questions to eliminate
the uncertainty of 3D referring expressions, as shown in
Figure 5, we propose an end-to-end method that takes 3D
point clouds and sentences referring to objects in the 3D
environments as inputs and outputs bounding boxes of all
objects that satisfy the sentences and question sentences to
eliminate their uncertainty.

A. Input Data

One model input item includes a 3D point cloud and a
referring expression sentence. The point cloud data contain
20,000 points. Since features such as color data and texture
are important in the referring expressions, each point is
represented by a total of 6 dimensions, the 3D coordinates
XYZ and the RGB values.

from the local region to the degenerate region to obtain
M x (3 + C)-dimensional point features. For each point
downsampled to M, 3D coordinates and feature dimension
C are obtained. Furthermore, the referring representation
is converted to a S x T-dimensional feature vector at the
embedding layer. Here, .S is the maximum number of words.

C. Transformer Encoder and Decoder

The obtained point features are encoded by the self-
attention operation of the transformer encoder layer, and the
output and the features of the embedded referring expression
are used as the inputs for cross-attention. The encoded lin-
guistic features are input to the questioner, which is described
below, and the point features are input to the transformer
decoder layer to obtain K x (3 4+ C')-dimensional domain
features.

D. Detection Head and Questioner

Given a K x (3 4+ C)-dimensional region feature, we
use a detection head to identify candidate objects in the
reference representation and a questioner to generate a
question sentence to properly classify the candidate objects.
Specifically, the detection head performs a 3D bounding box
regression to predict whether each region is a candidate
object for the reference representation. Here, referring to
3DETR, the bounding box 1nf0rmat10n is predicted as b, and
b = [¢,d]. Here ¢,d € [0,1]° denote the center and size
of the bounding box, respectively. The questioner employs
a standard transformer decoder and uses self-attention and
feed-forward networks for processing sentence features.

E. Loss Function

This method simultaneously performs candidate object
detection of reference expressions and generation of inter-
rogative sentences to reduce uncertainty. For candidate object
detection, the dichotomous technique set matching used in
DETR and 3DETR is used.

Lossaer = Ao||é — ¢ll1 + Aglld — d|y — AssTlogs.  (2)

We use standard cross-entropy loss Loss, for question
generation and the overall loss function is defined as follows.

Loss = A1 L0s5det + AaLossg (3)
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TABLE III
EVALUATION OF DIFFERENT MODEL ABLATIONS ON QUESTION GENERATION AND OBJECT DETECTION APPLIED TO THE PROPOSED DATASET.

Input Query Question generation Referring expression
BLEU CIDER METEOR ROUGE | mAP(0.25) mAR(0.25)
Geo 32 38.2 228.1 25.9 67.5 11.2 34.4
Geo 64 36.4 197.2 25.7 65.7 11.8 42.6
Geo 128 28.4 163.3 21.5 43.9 7.4 43.7
Geo+RGB | 32 35.5 218.5 24.4 65.7 9.9 354
Geo+RGB | 64 41.9 239.9 26.9 694 10.6 494
Geo+RGB 128 26.0 130.5 20.3 49.9 5.6 38.7
TABLE IV
PER-OBJECT-CLASS DETECTION EVALUATION OF GEO (QUERY NUMBER 64).
wall  pillow chair shelf  box table picture plant cabinet door
mAP(0.25) 25.7 12.5 42.8 04 0.03 39 2.6 1.1 7.9 21.0
mAR(0.25) | 46.7 34.1 70.1 14.7 16.0 28.5 154 17.7 43.3 52.4

V. EXPERIMENTS

A. Experimental Setup

We used our proposed dataset 3D-REQ for model perfor-
mance evaluation with the training and test split shown in
Table II. The goal was to find the bounding boxes of all
candidate objects that satisfy the referring expressions and
generated questions to mitigate uncertainties.

Implementation Details. We evaluated the proposed
model introduced in the previous section. We implemented
the questioner with a transformer decoder structure. We set
the number of layers and heads to two for the transformer
cross-attention encoder, the self-attention encoder, the self-
attention decoder, and the transformer questioner. During
training, losses in equations (2) and (3) were set as A\, = 1,
A =1, A = 0.1, \y =1, and Ay = 0.5. The size of the
input point cloud was set to 20,000 points for all experiments.
The learning rate was set to 0.0001, and all model ablations

were trained for 40 epochs for all experiments.

Ablations. We conducted ablation experiments on the
model input and the query number. In detail, we compared
model performance with 3D point clouds, which only contain
the 3D coordinates of points, and 6D point clouds, which
consist of points having both XYZ and RGB values. We
experimented with query numbers of 32, 64, and 128.

Evaluation Metrics. In 3D-REQ, one of the model’s
goals is to detect all candidate objects corresponding to the
referring expression in the form of bounding boxes. Here,
we use the conventional evaluation metrics mAR (mean
average recall) and mAP (mean average precision) in 3D
object detection, where we compute the accuracy of detected
bounding boxes that have IoU (intersection over union)
greater than 0.25 with the ground truth bounding boxes.
Along with bounding boxes, the models also generate a
question to reduce the uncertainty. To evaluate the efficiency
of generated questions, we used four evaluation metrics
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Object Class: Wall
Referring Expression: Touch the wall.

Question(GT): What is the color?
KQuestions(Predict): What is the color?

) 4

Fig. 6.

Object Class: Picture
Referring Expression: See the painted picture.

Question(GT): What is the shape?
Questions(Predict): What is the size?

) 4

Qualitative results of Geo+RGB (query number 64). Predicted boxes are marked with blue and ground truth boxes are marked with green. We

show examples where our method produced good predictions of the boxes and question (blue block), as well as a failure case (orange block).

which are widely adopted in image captioning tasks, namely,
BLEU [21], CIDER [22], METEOR [23], and ROUGE
[24]. These four metrics evaluate the similarity between the
generated sentences and the ground truth sentences.

B. Quantitative Results

First, Table III shows the quantitative results. The results
of the question generation, which is the main objective of
this study, are listed in the center four columns of Table III.
For both Geo and Geo+RGB, the highest accuracies were
obtained when the query number was 64. Here, we found
that increasing the number of query did not necessarily
improve performance. We also found that the Geo+RGB
(query number 64) obtained the highest performance for all
four evaluation metrics for question generation. Since the
proposed dataset 3D-REQ includes data that can distinguish
objects by color, it can be assumed that the presence of color
information is beneficial for question generation.

The right side of Table III shows the results of 3D object
detection. Here, Geo, which uses only geometric information,
achieved higher accuracy than Geo+RGB, which uses color
information in addition to geometric information. Although
the proposed dataset 3D-REQ includes questions about color,
it is difficult to improve the accuracy by simply adding
RGB values because the detector used is designed to detect
geometric information. We plan to study the effective use of
RGB values in future work. Similar to the results for question
generation, the highest accuracies were obtained when the
number of queries was 64 for both Geo and Geo+RGB.

The detection accuracy per object for the model Geo
(query number 64) is listed in Table IV. Here, the accuracies
for relatively large objects, such as wall, chair, door, were
relatively high, while the accuracies for small objects, such
as box, picture, plant, tended to be low. Improvement of
accuracies for small objects will be considered in future
work.

C. Qualitative Results

Two example results of Geo+RGB (query number 64)
are shown in Figure 6. First, on the left side, the referring
expression is “Touch the wall”. Here, there are a total of three
walls, and our proposed method was able to detect all three
walls. The color of the three walls is different, and therefore
the color information can be used to distinguish the walls.
Here, our proposed method was also able to generate the
question “What is the color?”. This example shows that our
proposed method is able to detect the objects pointed to by
the referring expression and generate sentences to distinguish
them. Another example is shown on the right. Here, the
referring expression is “See the painted picture”. Here, there
are two small paintings. As shown in the green bounding
box, each of them has a different shape. In this example,
our method did not detect the painting correctly and could
not generate a sentence that distinguishes between the two
paintings. Currently, our proposed method still has room for
improvement for small objects, and we will address this issue
in future work.

VI. CONCLUSIONS

In this paper, we propose a new task and dataset aiming
at eliminating the uncertainty of referring expressions in 3D
indoor environments by generating questions. Finding certain
objects specified by natural language sentences is an impor-
tant task in robotic applications. However, human instruc-
tions sometimes contain uncertainties. Existing studies on 3D
visual grounding have assumed that the referring expression
can uniquely identify the object, but this neglects the fact
that humans can unconsciously give uncertain expressions.
We address this issue by proposing a framework that locates
3D objects specified by expressions and generates questions
for distinguishing those objects. Our experimental results
show that our proposed method can generate questions for
eliminating ambiguity, and our proposed dataset can be used
as a benchmark dataset for future research in uncertainty
elimination in 3D visual grounding.
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