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Abstract

We propose a new 3D spatial understanding task for 3D
question answering (3D-QA). In the 3D-QA task, models
receive visual information from the entire 3D scene of a
rich RGB-D indoor scan and answer given textual ques-
tions about the 3D scene. Unlike the 2D-question answer-
ing of visual question answering, the conventional 2D-QA
models suffer from problems with spatial understanding of
object alignment and directions and fail in object local-
ization from the textual questions in 3D-QA. We propose
a baseline model for 3D-QA, called the ScanQA1, which
learns a fused descriptor from 3D object proposals and en-
coded sentence embeddings. This learned descriptor cor-
relates language expressions with the underlying geomet-
ric features of the 3D scan and facilitates the regression
of 3D bounding boxes to determine the described objects
in textual questions. We collected human-edited question–
answer pairs with free-form answers grounded in 3D ob-
jects in each 3D scene. Our new ScanQA dataset contains
over 41k question–answer pairs from 800 indoor scenes
obtained from the ScanNet dataset. To the best of our
knowledge, ScanQA is the first large-scale effort to perform
object-grounded question answering in 3D environments.

1. Introduction

In recent years, significant advances have been achieved
in vision-and-language tasks and datasets, and several new
datasets have been created to develop models that under-
stand textual expressions, such as captions or questions,
which are grounded in two-dimensional (2D) images, such
as image captioning [12, 42], understanding referring ex-
pressions [25, 50], image region and phrase correspon-
dence [37], and visual question answering (VQA) [6, 20,
23]. VQA is successful in grasping object features visual-
ized in 2D frames. However, when we develop models that
understand the spatial information of 3D scenes, such as
“What is between the table and TV set?” or “Where is the

⇤ denotes equally contributed.
1https://github.com/ATR-DBI/ScanQA

Question + 3D-Scan

Q. Where is the medium sized
blue suitcase laid?

A. in front of right bed

3D Scan

Answer + 3D-Bounding Box

3D Scan

What is sitting on the floor between
the tv and the wooden chair?

A. 2 black backpacksQ.

Figure 1. We introduce the new task of question answering for 3D
modeling. Given inputs of an entire 3D modeling and a linguistic
question, models predict an answer phrase and the corresponding
3D-bounding boxes.

suitcase located?”, the existing models based on 2D images
have several challenges in accurately understanding the 3D
world. For example, 2D images lack an accurate sense of
the relative directions and distances in the 3D scenes, i.e.,
the stereoscopic attribute-perception problem. Some ob-
jects are hidden by other objects when they overlap, i.e., the
occlusion problem. When multiple images are used in 2D-
image-based question answering models, such models often
encounter difficulties in tracking and recognizing whether
some objects are the same object between images, i.e., the
object localization and identification problem.

Currently, 3D spatial-understanding models can be de-
veloped for the 3D object localization task of ScanRe-
fer [10], the dialog-based localization of ReferIt3D [1], and
the 3D object captioning task of Scan2Cap [13]. Embod-
ied question answering [17, 46, 49] is an important task
for navigating agents in a 3D scene. We consider that
3D spatial understanding datasets contribute to developing
models that comprehend the embodied 3D scene and ask
and answer questions about the 3D environment as humans
do. However, unlike their 2D image counterparts, ques-
tion answering datasets on 3D environmental annotations
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are still limited in terms of dataset size and question vari-
ety because existing datasets often rely on template-based
question–answer collections.

In this paper, we propose a 3D question answering (3D-
QA) task that uses 3D spatial information instead of 2D
images to comprehend real-world information through the
question answering form. In the 3D-QA task, models an-
swer a question for a 3D scene as well as the object local-
ization described in the question. We present the overview
of the task in Fig. 1. This 3D-QA task setting is reason-
able when external sensors or mobile robots collect suffi-
cient visual information to construct a 3D scene before the
QA task. We assume that this is plausible when the model
can use the preliminarily captured visual information from
the 3D scene because of prior navigation in the scene, such
as vision-and-language navigation [5]. This task is also
applicable to real-world services that use preliminarily ex-
tracted 3D scenes, such as interactive virtual room-viewing
services or searching in indoor scenes.

For the 3D-QA task, we developed a novel ScanQA
dataset based on RGB-D scans of an indoor scene and an-
notations derived from the ScanNet dataset [15]. We auto-
matically generated questions from the object captions of
ScanRefer [10] using question generation models. How-
ever, these auto-generated questions included many invalid
questions; therefore, we filtered the invalid questions and
refined them if necessary. We collected free-form answers
and object annotations from humans using a newly devel-
oped interactive 3D scene viewer. In total, we gathered 41k
question–answer pairs with 32k unique questions. We pro-
pose a 3D-QA model with textual and 3D scene encoding
and several baseline models, including 2D image models
(2D-QA), a combination of 3D object localization models
[10, 38], and a question answering model [51]. We con-
firmed that the ScanQA model outperformed the baseline
models in most evaluations, including exact matching and
image captioning metrics in the proposed ScanQA dataset.

2. Related work

The 3D-QA task is similar to existing visual question
answering and 3D embodied question answering. We place
our task as a spatial comprehension of the entire 3D scene
given linguistic questions.

2.1. Visual Question Answering

Visual question answering (VQA) is a task in which
models are given a 2D image and a question about its con-
tent. They are expected to provide an appropriate answer.
Question answering in 2D images was proposed by Mali-
nowski et al. [34], and various inference methods [4, 6, 51]
have since been proposed. One of the best VQA methods
is Oscar [30], which uses Mask R-CNN to infer a solution
by considering the relationship between individual objects

in the image. In addition, Jang et al. [24] proposed a ques-
tion answering method that considers more detailed vision
and motion information using video. ClipBERT [29] im-
proved its accuracy by dividing a video into clips and rea-
soning from them individually. VQA 360� [14] is a task
for answering questions about a 360� image. Although
VQA 360� contributes to understanding the 3D scene, the
available information is limited compared with the ScanQA
dataset. Our dataset also includes the object identification
task, which is different from the existing VQA 360� dataset.

2.2. 3D Object Localization with Language

ScanRefer [10] localizes an object referred to in a free-
form text description. The ScanRefer model identifies a
3D-bounding box for an object given the input description.
This dataset is based on 800 scenes derived from the Scan-
Net dataset [15]. In addition to answering questions on 3D
scenes, the 3D-QA task also includes an object localization
task for objects that appear in the question answering. Un-
like in the ScanRefer task, the objects in ScanQA object
localization can be multiple because multiple objects can
appear in a single question.

2.3. Question Answering in 3D scenes

Unlike 2D-QA, for which many datasets have been pro-
posed, 3D question answering datasets are still limited.
We notice that the existing question answering tasks on
3D scenes have interactive forms. The interactive QA
dataset (IQUAD) [19] on AI2THOR [27] enables model
agents to interact with objects in a scene to determine
the answer to a question. Embodied question answering
(EQA) [17, 46, 49] is a combination of visual question an-
swering and navigation such as vision-and-language nav-
igation tasks [5, 11, 43, 47] and models [18, 28]. In the
original EQA dataset [17], the embodied model agent re-
ceives a question such as “What color is the car?” and
navigate to the object described in the question in House
3D [47]. MP3D-EQA [46] is a photorealistic embodied QA
for Matterport 3D scans [9]. MT-EQA [49] is a multitar-
get variation of EQA. We summarize the relation of these
datasets with ScanQA in Table 1. Unlike these datasets,
the ScanQA dataset is not created from fixed templates and
hence includes more natural and a significantly larger num-
ber of unique questions, as discussed in Sec. 3.3.

3. ScanQA Dataset

We hereby define the 3D-QA task and describe the col-
lection of the corresponding dataset.

3.1. 3D-QA Task

As illustrated in Fig. 1, a 3D-QA task requires models to
answer a question when given all the information of a 3D
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3D-QA Datasets Type Question Collection Answer Collection Environment Photorealistic # 3D Scenes

IQUAD Interactive Template-based Template-based AI2THOR No 30 rooms
EQA Navigation Template-based Template-based House3D No 588 scenes
MP3D-EQA Navigation Template-based Template-based Matterport 3D Yes 144 floors
MT-EQA Navigation Template-based Template-based House3D No 588 scenes

ScanQA dataset 3D Scan AutoGen+HumanEdit Human ScanNet Yes 800 rooms

Table 1. Comparison of 3D question-answering datasets.

scene. Here, models use the 3D spatial information, such as
RGB-D scans or point cloud data. We also require mod-
els to specify the 3D-bounding boxes of objects that are
related to this question answering. This prevents models
from answering questions by relying on the textual priors
of the trained questions without examining the scene. How-
ever, unlike the ScanRefer dataset, we do not require mod-
els to target one described object for each question. This
is because multiple objects can be used to answer certain
questions. For example, the question “What color is the
chairs around the table?” is related to multiple objects. This
question is also answerable as long as the chairs around the
unique table in the scene have the same color. In such sce-
narios, we require models to answer the question addressing
multiple 3D-bounding boxes.

3.2. Question-Answer Collection

The ScanQA dataset was created using multiple phrases,
including automatic QA generation [2, 8, 32, 48], question
filtering, question editing, and answer collection. First,
we automatically generated question–answer pairs from the
referring expressions to identify objects in 3D scenes ob-
tained from the ScanRefer dataset [10]. We applied the
question-and-answer generation model based on a T5-base
model [40] trained on a text-based question answering
dataset [41] 2 for ScanRefer captions and obtained the seed
questions. However, these autogenerated question–answer
pairs included many inadequate questions, such as those
that are underspecified or not grounded in the scene, as
presented in Fig. 2. Auto-generated questions also include
easy questions that can be answered with common sense.
Therefore, we decided to remove such questions as much as
possible. We also did not include auto-generated answers
in the final dataset because it was not clear that they were
grounded in scenes. Then, we applied filtering and editing
to the seed questions with basic rules and human editing
in addition to the answer collection via Amazon Mechan-
ical Turk (MTurk). For human editing and answer collec-
tion, we developed an interactive visualization website for
each 3D scene that enables workers to interact with the 3D
scene and check the object names and IDs if they are avail-
able. Following the ScanRefer dataset, we attached the ob-
ject names and IDs for the objects in the 3D scene. We

2We used the weights available at https://huggingface.co/
valhalla/t5-base-qa-qg-hl.

Split # Question # Unique Question # 3D Scenes

Train 25,563 20,546 562
Val 4,675 4,306 71
Test w/ objects 4,976 4,552 70
Test w/o objects 6,149 5,484 97

Total 41,363 32,337 800

Table 2. ScanQA dataset statistics.

embedded this site into the MTurk task page (Fig. 2).
The filtering and editing of the seed questions were con-

ducted as follows. First, we filtered the inadequate ques-
tions from the auto-generated seed questions using basic
rules. Subsequently, we asked the workers to classify the
remaining questions into four classes: valid, too easy, unan-
swerable, and unclear questions. Each question was eval-
uated by at least three workers. We selected questions in
which two or more workers were marked as valid for the
next phrase of the editing and answer collection process. In
the editing and answer collection, we first presented the fil-
tered questions to workers and requested them to rewrite the
questions themselves if they were inadequate for the scene
before writing a free-form answers. Multiple answers are
collected when necessary. We also collected the object IDs
that were used in the question to identify the object in the
scene in this phrase. See SM D for details.

3.3. Dataset Statistics

We collected 41,363 questions and 58,191 answers, in-
cluding 32,337 unique questions and 16,999 unique an-
swers. Table 2 presents the statistics of the ScanQA
dataset. This dataset is an order of magnitude larger than
existing embodied question-answering datasets in terms of
both question size and variation. For example, the EQA
dataset [17] contains 4,246 questions, consisting of 147
unique questions in its training set. The EQA-MP3D
dataset [46] contains 767 questions consisting of 174 unique
questions in its training set. Considering that our dataset
contains not only question–answer pairs but also 3D object
localization annotations, we assume that this is the largest
dataset to specify the nature of objects in 3D scenes with the
question answering form. The distribution of the questions
based on their first word is shown in Fig. 3. We collected
various types of questions through question auto-generation
and editing by humans.

We followed the training, validation, and test set splits
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Underspecified questions
  Q: What is in the corner?
        - Several objects at corners!
  Q: What color is the chair?
        - Three chairs at the scene! 
Valid questions
  Q: What is over the chair beneath the blackboard?
        - Answer: jacket
  Q: What color is the office chair next to the desk with a monitor?
        - Answer: green

Figure 2. Underspecified and valid questions for an office room
scene. We presented scenes with object IDs and names to MTurk
workers for the dataset collection.

used in ScanRefer. However, as the object IDs for the test
set of ScanRefer are not publicly available, we further split
the validation set of ScanRefer into two-holds as the valida-
tion set and test set with object annotations in the ScanQA
dataset. Therefore, the ScanQA dataset includes two test
sets with and without object annotations. We collected at
least two answers for each question in the validation and
two test sets to evaluate the free-form answers. As our
dataset includes the question type of “Where is,” writing
expressions for answers can vary. Therefore, we adopted
evaluation metrics for image captioning in addition to an
exact match to the annotated answers in the evaluation.

4. ScanQA Model

We introduce the baseline model of ScanQA for the 3D-
QA task. The 3D-QA is formalized as follows: given inputs
of the point cloud p 2 P and question q 2 Q about the 3D
scene, the 3D-QA model aims to output â that semantically
matches true answer a⇤.
3D feature representation. We primarily use the input
point cloud p consisting of point coordinates c 2 R3 in
the 3D space for 3D representation. Following previous 3D
and language research [10,13], we use additional point fea-
tures such as the height of the point, colors, normals, and
multiview image features [16] that project 2D appearance
features to the point cloud. We use these combined point
features as 3D features r 2 R135.
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Figure 3. The distribution of the question types by the beginning
of the question writing.

Overview of network architecture. To solve the 3D-QA
task, we developed a ScanQA model consisting of a 3D &
language encoder, 3D & language fusion, and object local-
ization & QA layers. An overview of the proposed ScanQA
network is presented in Fig. 4. The 3D & language encoder
layer transforms the question into contextualized word rep-
resentations and point clouds into object proposals. The
3D & language fusion layer combines multiple 3D object
features guided by language information using transformer-
based encoder and decoder layers [44, 51]. The object lo-
calization & QA layer estimates the target object box and
object labels and predicts answers associated with questions
and scene content.
3D & language encoder layers. This layer encodes the
question words {wi}

nq

i=1 using GloVe [36], and we obtain
word representation Q 2 Rnq⇥300, where nq is the number
of words in question, and feeds them into a one-layer bidi-
rectional long short-term memory (biLSTM) [22] for word
sequence modeling. We project a series of output states
from the LSTM using a nonlinear layer with GELUs [21]
activation to obtain the contextualized word representation
Q0 2 Rnq⇥d, where d is the hidden size of the biLSTM (set
to 256). In addition, this layer detects objects in a scene
based on point cloud features r 2 R135 using VoteNet [38],
which uses PointNet++ [39] as a backbone network. We ob-
tain the object proposals (object boxes) from VoteNet and
project them using a nonlinear layer with GELUs activation
to obtain the object proposal representation V 2 Rnv⇥d,
where nv is the number of object proposals (set to 256.)
3D & language fusion layer. Inspired by the architecture
of deep modular co-attention networks of MCAN [51], of-
ten used for VQA, we use transformer blocks [44] to repre-
sent the relationships between object proposals and between
question words. After feeding contextual question represen-
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Figure 4. ScanQA model for answering 3D environments. Given
a point cloud and RGB frame sequence that capture indoor scenes,
the QA model outputs a corresponding answer by fusing 3D and
language information through three layers: the 3D scene and lan-
guage encoder layer, fusion layer, and classification layers.

tation Q0 into a stack of L (set to two) transformer encoder
layers, we obtain a deeply contextualized question repre-
sentation Qenc 2 Rnq⇥d. In addition, we use transformer
decoder layers to represent the features of object propos-
als related to the question words by using the final output
of the transformer encoder as the decoder’s keys and val-
ues. We obtain a question-aware-object proposal represen-
tation V dec 2 Rnv⇥d after feeding the question and object
proposal pairs into a stack of L transformer decoder lay-
ers. Subsequently, the final outputs of the transformer lay-
ers Qenc and V dec are fused by a fusion layer that uses two-
layer multi-layer perceptron (MLP) with an attention mech-
anism [33] (for details, see [51]). We obtain the fused fea-
ture f 2 Rd, which simultaneously represents a 3D scene
and linguistic question information.
Object localization & QA layer. This layer consists of
object localization, object classification, and answer classi-
fication modules. Each module is described as follows.
Object localization module aims to predict which of the
proposed object boxes corresponds to the question. The

question-aware-object proposal representation, V dec 2
Rnv⇥d, is fed into a two-layer MLP to determine the like-
lihood of each object box being related to the question.
Following [10], we compute the localization confidence
sloc 2 Rnv for the proposed nv object boxes with the cross-
entropy (CE) loss to train this module.
Object classification module predicts what objects are as-
sociated with a question. Note that many questions do not
contain target object names related to the answer, in con-
trast to a 3D localization task [10, 52, 53]. We use the 3D
and question-aware fused feature f and feed it into a two-
layer MLP to predict 18 ScanNet benchmark classes. We
compute the object classification scores sobj 2 R18 with a
softmax function and use the CE loss to train this module.
Answer classification module predicts an answer corre-
sponding the question and scene. We project the fused fea-
ture f into a vector sans 2 Rna for the na answer candi-
dates in the training set. To consider multiple answers, we
compute final scores with the binary cross-entropy (BCE)
loss function to train the module.
Loss function. We use a loss function similar to Scan-
Refer [10], such as the localization loss Lloc of the ob-
ject localization module, object detection loss Ldet of
VoteNet [38], and object classification loss Lobj of the ob-
ject classification module. To answer the 3D scene con-
tent, we additionally use the answer loss Lans of the an-
swer classification module. We set the final loss as a sim-
ple linear combination of these losses, computed as L =
Lans + Lobj + Lloc + Ldet.

5. Experiments

5.1. Experimental Setup

In this experimental setup, we referred to the exper-
imental setup of existing studies on scene understanding
of ScanNet [15] through languages such as ScanRefer and
Scan2Cap [10, 13].
Data augmentation. We applied data augmentation to our
training data and applied rotation about all three axes us-
ing a random angle in [�5�, 5�] and randomly translated
the point cloud within 0.5 m in all directions. Because the
ground alignment in ScanNet was incomplete, we rotated it
on all axes (not just the top).
Training. To train the ScanQA model, we used Adam [26],
a batch size of 16, and an initial learning rate of 5e�4. We
trained the model for 30 epochs until it converged and de-
creased the learning rate by 0.2 times after 15 epochs. To
mitigate the fitting of the model against its training data, we
set the weight decay factor to 1e�5.
Evaluation. To evaluate the QA performance, we used ex-
act matches EM@1 and EM@10 as the evaluation metric,
where EM@K is the percentage of predictions in which
the top K predicted answers exactly match any one of the
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Model EM@1 EM@10 BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE METEOR CIDEr SPICE

Test w/ objects

RandomImage+MCAN 22.31 53.11 26.66 18.49 16.16 14.26 31.27 12.13 60.37 9.05
VoteNet+MCAN 19.71 50.76 29.46 17.23 10.33 6.08 30.97 12.07 58.23 10.44
ScanRefer+MCAN (pipeline) 17.52 49.92 19.17 10.66 0.00 0.00 24.40 9.38 44.25 6.24
ScanRefer+MCAN (e2e) 20.56 52.35 27.85 17.27 11.88 7.46 30.68 11.97 57.36 10.58
ScanQA 23.45 56.51 31.56 21.39 15.87 12.04 34.34 13.55 67.29 11.99

OracleImage+MCAN 25.34 55.93 28.70 20.11 16.78 12.89 34.59 13.42 67.24 11.93

Test w/o objects

RandomImage+MCAN 20.82 51.23 26.29 17.90 14.27 9.66 29.23 11.54 55.64 8.87
VoteNet+MCAN 18.15 48.56 29.63 17.80 11.57 7.10 29.12 11.68 53.34 10.36
ScanRefer+MCAN (pipeline) 16.47 49.05 18.71 10.98 16.53 0.76 22.45 8.76 40.81 6.41
ScanRefer+MCAN (e2e) 19.04 49.70 26.98 16.17 11.28 7.82 28.61 11.38 53.41 10.63
ScanQA 20.90 54.11 30.68 21.20 15.81 10.75 31.09 12.59 60.24 11.29

Table 3. Performance comparison of question answering with image captioning metrics. e2e represents an end-to-end model.

ANS OBJ LOC EM@1 EM@10 BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE METEOR CIDEr SPICE

Test w/ objects

X 12.16 42.77 12.86 5.45 0.12 0.02 17.55 6.71 29.17 4.05
X X 18.31 49.18 22.32 14.53 11.15 7.92 26.37 9.94 49.10 6.36
X X 20.46 51.67 25.06 16.91 14.06 11.37 29.22 11.13 55.17 8.21
X X X 23.45 56.51 31.56 21.39 15.87 12.04 34.34 13.55 67.29 11.99

Test w/o objects

X 10.78 39.44 11.94 5.02 0.12 0.02 15.34 5.91 25.51 3.51
X X 16.23 46.30 21.37 13.49 10.71 7.64 23.63 9.10 43.21 6.13
X X 18.12 49.60 25.12 17.58 14.68 10.23 26.50 10.43 49.93 8.16
X X X 20.90 54.11 30.68 21.20 15.81 10.75 31.09 12.59 60.24 11.29

Table 4. Performance comparison of different experimental conditions of the ScanQA model.

Model Acc@0.25 EM@10

Test w/ objects

ScanQA (xyz) 23.67 55.67
ScanQA (xyz+rgb) 23.45 55.43
ScanQA (xyz+rgb+normal) 23.35 54.50
ScanQA (xyz+multiview) 25.40 55.51
ScanQA (xyz+multiview+normal) 25.44 56.51

Table 5. Feature ablation results

ground-truth answers. We also included sentence evalua-
tion metrics frequently used for image captioning models
because some of the questions had multiple possible an-
swer expressions, as discussed in Sec. 3.3. We added the
BLEU [35], ROUGE-L [31], METEOR [7], CIDEr [45],
and SPICE [3] metrics to evaluate robust answer matching.
Baselines. To validate our 3D-QA model (ScanQA), we
prepared several baselines. Empirical experiments were
conducted using the following methods.
RandomImage+2D-QA First, we prepared several 2D-QA
models as baselines to demonstrate how our 3D-QA models
outperformed 2D-based VQA models for the 3D-QA task.
We used a pretrained MCAN model [51] as the 2D-QA
model. MCAN is a transformer network [44] that uses a
cross-attention mechanism to represent the relationship be-
tween question words and objects in an image. The pro-
posed method uses some of the modules used in MCAN,
such as transformer encoder and decoder layers, to create
3D and language features. By comparing these two, we can

confirm the importance of creating a model specialized for
3D-QA. Because 2D-QA models cannot be directly applied
to a 3D environment, we randomly sampled three images
from the video captured to build the ScanNet dataset. We
used a bottom-up top-down attention model [4] to extract
the appearance features of the objects. We applied pre-
trained 2D-QA models to these images and computed the
answer scores for each image. Finally, we selected the most
probable answer according to the averaged answer scores
of these images. We experimented with 2D-QA using three
images captured in the environment per question.
OracleImage+2D-QA To investigate the upper bound on
the performance of 2D-QA for questions in 3D space,
we used images around a target object associated with a
question–answer pair. We set the camera’s position based
on the coordinates of the bounding box of the correct ob-
ject and captured images from the direction and distance
at which the bounding box was most visible. Because the
object may not be visible depending on the camera’s posi-
tion, we used three images per question. We applied 2D-QA
models to these images similar to RandomImage+2D-QA.
Note that it is difficult to obtain such images in actual QA
scenarios. By examining the performance of this method,
we can determine the difficulty of solving the 3D-QA task
using 2D-QA models.
VoteNet+MCAN VoteNet [38] is a 3D object detection
method that locates and recognizes objects in a 3D scene.
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This method detects objects in a 3D space, extracts their
features, and uses them in a standard VQA model (MCAN).
Unlike our method, this method does not consider the target
object or its location in the 3D space.
ScanRefer+MCAN (pipeline) ScanRefer [10] is a 3D ob-
ject localization method for localizing a given linguistic de-
scription to a corresponding target object in a 3D space.
ScanRefer internally uses VoteNet to detect objects in a
room and estimates the object corresponding to the linguis-
tic description from among the candidate objects. Note that
ScanRefer cannot be used directly for QA. Thus, we used
a pretrained ScanRefer model to identify the object corre-
sponding to the question and then applied 2D-QA (MCAN)
to the image surrounding the object localized by ScanRefer.
Note that ScanRefer and MCAN were run separately, and
end-to-end learning was not possible.
ScanRefer+MCAN (end-to-end) This method is more so-
phisticated and closer to the proposed method. Although
ScanRefer+MCAN (pipeline) conducts object localization
and QA separately, this method simultaneously learns lo-
calization and QA modules. Specifically, the input to the
method is the object proposal feature of ScanRefer for VQA
models; subsequently, the model predicts answers based
on object box features and question content. Unlike the
ScanQA model, this uses the output of VoteNet separately
for object localization and QA modules (although the infor-
mation for both tasks is mutually useful) and does not learn
both modules in common.

5.2. Quantitative Analysis

The performance of 3D-QA on the ScanQA dataset
and image caption metrics are presented in Table 3. The
best results in each column are shown in bold. We
compared our ScanQA model with competitive baselines
VoteNet+MCAN, ScanRefer+MCAN (pipeline), and Scan-
Refer+MCAN (end-to-end). These baselines share some of
the components of the proposed method and aided us in un-
derstanding useful components for 3D-QA. The results in-
dicated that our ScanQA method significantly outperformed
all baselines across all data splits over all evaluation metrics.
In particular, ScanQA significantly outperformed ScanRe-
fer+MCAN (end-to-end), which learns QA and object lo-
calization separately across all data splits over all evalua-
tion metrics, indicating that the ScanQA model succeeded
in synergistic learning by sharing object localization and
QA modules. ScanQA outperformed VoteNet+MCAN by
a large margin. This result suggested that using object lo-
calization in a 3D space and predicting object categories
related to questions are important for 3D-QA. We will clar-
ify this point in the section on the ablation study. Interest-
ingly, VoteNet+MCAN, ScanRefer+MCAN (end-to-end),
and ScanQA significantly outperformed ScanRefer+MCAN
(pipeline), which detects target objects related to a question

using a pretrained ScanRefer and then applies 2D-QA to
the surrounding images of a target object. The results indi-
cated that end-to-end training with 3D and language infor-
mation is suitable for solving 3D-QA model problems. In
addition, we observed that our 3D-QA model, ScanQA, is
superior to a 2D-QA model, RandomImage+MCAN, which
uses an effective pretrained model. We also observed that
the 2D-QA baseline with oracle object identification of Or-
acleImage+MCAN performed better or more competitively
than the ScanQA model. Although this suggests that ac-
curate object identification for questions indeed boosts 3D-
QA results, this is an oracle setting for real-world applica-
tions. We finally evaluated the human performance on the
sampled questions in the test set with objects using MTurk.
The exact matching score (EM@1) is 51.6 for the best-
performing MTurk worker.

5.3. Ablation Studies

We conducted ablation studies concerning the design of
the ScanQA model. Table 4 lists the effects of each major
component of the proposed method. The effect of different
input data is shown in Table 5.
Does object classification help? We demonstrated the ef-
fectiveness of object classification by conducting an ex-
periment using ScanQA combined with and without the
object classification module. We compared our method
trained with the answer and object classification modules
(ANS+OBJ) with a model trained with only the answer
module (ANS), and we also compared a model trained with
full modules (ANS+OBJ+LOC) with one trained with the
answer and object localization modules (ANS+LOC). The
results in Table 4 show that the models with the OBJ out-
performed the other models. This suggests that predicting
the category of a target object is effective for 3D-QA.
Does object localization help? We demonstrated the effec-
tiveness of object localization by conducting an experiment
with ScanQA and without an object localization module.
We compared our method trained with the answer and ob-
ject localization modules (ANS+LOC) with a model trained
with only the answer module (ANS), and we also com-
pared a model trained with full modules (ANS+OBJ+LOC)
with one trained with the answer and object classification
modules (ANS+OBJ). The results in Table 4 show that the
model with LOC consistently outperformed the other mod-
els. This suggests that localizing target objects is also im-
portant for improving 3D-QA performance.
Do colors help for 3D-QA? According to the ScanRefer
study, models that use color information have better object
localization performance than models that use only geom-
etry [10]. Motivated by this finding, we evaluated several
models using different features. We compared our method
trained with geometry (xyz) and multiview image features
(xyz+multiview) with a model trained with only geome-
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Figure 5. Qualitative results. Predicted answers are described below each figure. Predicted boxes are marked blue and the ground
truth is marked green. We show examples in which ScanQA produced good object localization when predicting correct answers, whereas
ScanRefer+MCAN (pipeline) could not.

try (xyz) and one trained with RGB values (xyz+rgb). To
validate the object localization performance, we used accu-
racy (Acc@0.25), in which the positive predictions have a
higher intersection over union with the ground truths than
the threshold of 0.25 used in [10]. As Table 5 shows, RGB
values were not effective for both object localization and
QA. The multiview image features were slightly effective
for object localization but not on QA. This is because it
is more difficult for the ScanQA dataset to associate lan-
guage and object information than the ScanRefer dataset
because multiple objects may apply to a single question.
Fortunately, ScanQA trained with geometry, preprocessed
multiview image features, and normals which is demon-
strated in Table 3 outperformed the other models, but the
effect was limited. This result suggested that subsequent
studies should consider a more balanced selection of fea-
tures in terms of computational cost and performance.

5.4. Qualitative Analysis

Finally, we demonstrated the excellent performance of
our model by visualizing qualitative examples of ScanQA,
ScanRefer+MCAN (pipeline), and ground truth. Fig. 5
shows the representative QA results of a baseline method
and ScanQA. The results suggested that answering ques-
tions requires object localization related to the answer ac-
cording to the question content and point cloud matching.
For example, the leftmost case shows that a whiteboard lo-
cated above a backpack could not be answered by Scan-

Refer+MCAN (pipeline), which localized the backpack in
error. This is because the QA and localization modules
were separated in ScanRefer+MCAN (pipeline). In con-
trast, our model successfully localized target objects related
to answers and predicted correct answers by simultaneously
learning QA and object localization.

6. Conclusion

Spatial understanding using language expression is a
core technology for models deployed in the real world and
interacting with humans. We introduce a novel task of 3D
question answering (3D-QA), in which models observe an
entire 3D scan and answer a question about the 3D scene
in addition to the object localization. Based on the ScanRe-
fer dataset, we created a new ScanQA dataset which con-
sists of 41,363 questions and 32,337 unique answers from
800 scenes derived from the ScanNet scenes. We propose
a 3D-QA baseline model of ScanQA. We confirm that the
ScanQA baseline performs better than the counterpart 2D-
based VQA baselines in most of the evaluation measures,
including the exact match and image captioning metrics.
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