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Abstract—Embodiment is an important characteristic for all

intelligent agents (creatures and robots), while existing scene
description tasks mainly focus on analyzing images passively and
the semantic understanding of the scenario is separated from the

interaction between the agent and the environment. In this work,
we propose theEmbodied Scene Description, which exploits the
embodiment ability of the agent to find an optimal viewpoint in its
environment for scene description tasks. A learning framework
with the paradigms of imitation learning and reinforcement

learning is established to teach the intelligent agent to generate

corresponding sensorimotor activities. The proposed framework
is tested on both the AI2Thor dataset and a real-world robotic
platform demonstrating the effectiveness and extendability of the
developed method.

I. INTRODUCTION

When a visually impaired person enters a new room, he can
easily take pictures of his surroundings using the smartphone
and the built-in advanced computer vision modules could pro-
vide some scattered semantic information of these pictures. For
example, the smartphone can detect certain classes of objects
in the image with the help of an object detector and speak them
out to the visually impaired person. However, such information
is likely to make people confused and uncomfortable due to
its disorder and disorganization. A better way is to generate
higher-level semantic descriptions such as natural language
sentences or even paragraphs to describe the image. At present,
great progress has been made in the areas of Image Caption-
ing[1N[2]l, Dense Captioning|3l], and Image Paragraphing [4]],
and it has been becoming more and more mature with the
booming of deep learning techniques[5]. It is believed that
such semantic descriptions will be an indispensable approach
for visually impaired people to perceive the environment[6].
In this case, a further question arouses — what is the next step?

In fact, no matter how accurate the semantic description
is, it can only provide information that exists in the current
image, but not tell the user what to do next. The semantic
understanding of the scenario is separated from the interaction
between the agent and the environment. When a visually
impaired person enters a room, the first photo captured is
likely to be a bare wall or window. He usually has to move the
smartphone randomly expecting to capture a more meaningful
image from another viewpoint. In this situation, it is more
useful to tell him where to look next rather than just to provide
him a vague description of the current scene (e.g. there is a
window on the wall). On the other hand, a notorious problem
of the semantic description is that it is very sensitive to camera
viewpoints[7]]. Although the content of the captured image
may seem good, a deviation in the camera viewpoint will
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Fig. 1. (a) An intuitive Embodied Scene Description demonstration. Here we
take the Image Captioning as an example, while the idea is applicable to other
tasks such as Dense Captioning, Image Paragraphing, etc. At first glance,
the agent captures the initial image (rendered with pink). Since this image
is non-informative, the generated caption provides very limited information
about the scene. However, the agent may explore the environment by itself
to find a better viewpoint to capture a new image (rendered with blue). The
generated caption yields more informative and suitable results. (b) Typical
scene description tasks: Image Captioning, Dense Captioning, and Image
Paragraphing.

lead to a totally wrong semantic description result. Under
this circumstance, it is important to tell the visually impaired
person how to adjust the position of the camera and even his
body (e.g. move left, right, forwards, backwards) to get more
meaningful and accurate scene descriptions for the current sce-
nario. Unfortunately, existing scene description work[8]][3/][4]]
and the free APP software[6] do not take this into account.
All of them ignore the embodiment, which is a very important
characteristic of all intelligent agents (creatures and robots).
The embodiment concept asserts that intelligence emerges by
interactions between the agent and the environment. Without
embodiment, the semantic understanding of the scenario is
separated from actions. It is a difficult problem which mainly
involves key issues of semantic scene description, description
evaluation, and action instruction generation.

In this work, we propose the Embodied Scene Description
problem, which exploits the embodiment ability of the agent
to find an optimal viewpoint in its environment for scene
description tasks. The main idea is illustrated in Fig[l] In
addition to the visually impaired person, this problem is also
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methodology to solve the proposed embodied scene descrip-
tion task.

III. PROBLEM FORMULATION

The goal of this work is to develop a method to help the
agent to rapidly find a proper viewpoint to capture a scene
for generating the high-quality semantic scene description.
Concretely speaking, we denote the image captured by the
agent as I and the corresponding description as U/ (I;), where
t is the time instant. Please note that the operator I/ (-) denotes
the description generation procedure, which can be easily
implemented by existing work, such as Image Captioning,
Dense Captioning, Image Paragraphing, and so on.

Fig[l] (a) gives an intuitive introduction of the Embodied
Image Description problem. At time instant ¢ = 0, the captured
Iy may contain wall only and the produced caption a white
wall with a white wall with a wall in a wall is non-informative.
Then the agent exploits its embodied capability to select
an action to explore the room and get a new image. Such
a procedure is iterated until the agent captures an image
containing plenty of objects and produces the informative
caption A living room with a couch and a table. The problem
is therefore formulated as to develop an appropriate policy 7
to help the agent to find a high-quality scene description about
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The proposed navigation model.

the scene. At each step ¢, the developed policy is used for the
agent to take action a; to acquire the observed image I;.

Though our general idea is to learn action policies for an
agent to locate a target scene in indoor environments using
only visual inputs, the target scene is not specified by the
user. This significantly differs from the work in [19]][20] which
requires a pre-specified target image.

IV. NAVIGATION MODEL

The proposed navigation model is shown in Fig[2] The
action the agent would take in one step can be relevant to
all its previous actions and observations. Therefore, we model
it using the LSTM network, which is very commonly used for
sequence modeling [T][2]]. With the learned policy, the agent
is expected to take as few steps as possible to approach the
target scene from a random starting position.

A. State Representation

In our implementation, we use a small ResNet-18 [3]] as a
feature extractor, which is trained from scratch, jointly with
the navigation model.

Since the image semantic segmentation results can improve
the generalization performance[20], we also use the class
segmentation map to help image description generation. To
this end, we modify the number of input channels of the
original ResNet-18 from 3 to 6. The added 3 channels are
used to deal with the class segmentation map. Fig[3] shows
how those 6 channels of the input fed to ResNet are generated.
We use PSPNet [35] to predict the class segmentation map for
a given image.

Furthermore, since we need to train the model with thou-
sands of images in one batch (100 scenes times approximately
30 steps at most for the demonstration trajectories of those
scenes, which means about 3000 images in one batch), we
shrink the original ResNet-18 to a smaller network with 10
convolution layers. There are 4 kinds of residue building
blocks in the original ResNet18, and each of them is repeated
twice, leading to 16 convolution layers in residue blocks with
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Fig. 4. A representative action space. Please note that some actions (such
as move left) can be easily implemented in the simulation environment,
but cannot be realized by some mobile agents, due to the non-holonomic
constraints.

parameters (and there are another 2 convolution layers in
ResNet18). We use each kind of those residue building blocks
only once, yielding a model with only 18 — (16 — 8) = 10
weighted layers. Besides, the output channels for all convolu-
tion layers are also halved (e.g. 512 output channels are shrunk
to 256 channels for the final output layer).

Since the description result U/ (I;) can directly show how
well the scene description model performs for the current
frame, we extract the Bag-of-Words (BoW) feature L, for all
appeared words (after removing stop words) of the output of
the 2D image understanding model.

Finally, we combine those multiple features to form the state
representation. Denoting the class segmentation map of I; as
I~t, the state vector can be represented as

s; = [ResNet(I;, I,); Wi Ly 1)

where ResNet denotes the feature extraction module men-
tioned above. W, is a trainable parameter for language em-
bedding.

B. Action Space

As illustrated in Fig[d] for one step, we permit the agent
to perform the following two kinds of discrete actions in the
plane:

1) Move: The agent can take nine basic actions correspond-
ing to 8 directions and no move. The move step is set to
a fixed value A,, and the set of the movement actions
is denoted as Aj,. In this work, we set A,,, = 0.25m.

2) Rotation: The agent can rotate for a fixed interval of A,..

In this work, we set A, = 45° and therefore the set of
the rotation actions Ag contains 8 action atoms.

For each step, the complete action space of the agent is
A = Ay X Ar and the agent is permitted to take the move
actions firstly and the rotation action secondly. Please note that
if the agent selects the action no move from Aj; and 0 from
AR, then the exploration is completed and the obtained image
with description is reported as the final result.

In practical environments, the agent has motion limitations
and may encounter obstacles or dead corners. Thus the se-
lected action may not be realized. To solve this problem, the
agent may use its sensors to detect the feasible region and
construct the available action set .A; C A for the ¢-th step.

V. MATCHING BETWEEN SCENE IMAGE AND DESCRIPTION

Since the goal of the navigation module is to guide the agent
to find the scene which is good for both the image itself and
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Fig. 5. Demonstration of the proposed scoring function.
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Fig. 6. Some examples which show the mis-match between images and the
corresponding description.
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the semantic description, we should design a matching score
between the scene image and its description. This is indeed not
a trivial task because the visual object detection results may
contain noises and the image-text translator is far from perfect.
On one hand, an object-rich image is preferred but may lead
to poor or non-informative descriptions. On the other hand, a
good description may include some wrong objects which do
not appear in the image at all. See Fig[6] for some examples.

To tackle this difficulty, we apply the off-the-shelf object
detectors provided by the AI2Thor simulator [36] on the image
I to find the visual objects, and extract the object nouns in
the text description U(I). The matching score score(I) is
designed according to their connections. By matching those
words with all of the detected objects for one image, we can
quantitatively measure how “good” a viewpoint is.

We denote all appeared words in the category labels of all
detected objects in the image I as O(I) = {01,02, - , 00},
and all appeared noun words in the output of the description
model U(I) as W(U(I)) = {wy,ws, -+ , Wy}, where n and
m are the numbers of the detected visual objects in the image
I and the extracted noun words in the description U(I). Since
the vocabularies adopted by the visual object detector and
the semantic description may be different, the same object
may be expressed by different words (such as desk in the
image and table in the description). We resort to the Word2Vec
[37] embedding to semantically vectorize these words. For the
object category label o; in O(I) and the noun word w; in
W(U(I)), we can define their similarly as

@

where cos(o;,w;) is the cosine similarity between the word
vectors of the two words. The value k(o;, w;) is related to the

R(0;, w;) = k(0;, w;)cos{0;, wj)
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Fig. 9. Four representative examples for the scenes Living Room, Kitchen, Bedroom and Bathroom. The trajectories of the agent are shown as red curves in

the left panel.

0 denotes all of the parameters to be optimized. During
the training phase, we assume a map of the environment is
available and give the agent access to information about the
shortest paths to some targets. We prepend random actions to
the demonstration trajectories to simulate possibly non-optimal
actions and the beginning of the exploration process. We use
Adam optimizer with a learning rate of 1073,

B. Fine-Tuning with Reinforcement Learning

After pre-training the navigation model with imitation learn-
ing, we then try to further improve its performance using the
REINFORCE algorithm. The key to fine-tuning the model
is to design the reward function for the generated trajectory.
Generally speaking, we hope to get high-quality caption within
a short period of time and therefore a score can be designed
as p; = score(I;) — pt, where p is used to balance the scales
of the two terms and is set to 0.01.

According to the above definition, the immediate reward is
set as the incremental of the score r(s;,a;) = p — pt—1 and
the cumulative reward which is used to fine-tune the model is
as

T
R(St,at) = T(Styat) + Z Bt/_tr(suat)a (6)

t'=t+1

where the discounted parameter [ is set to 0.99 and T is the
prescribed maximum steps and is set to 40.

Based on the above-defined reward function, we use RE-
INFORCE algorithm to fine-tune the policy network. We also
test the proposed framework when training from scratch with
RL-based method, using SGD optimizer with a learning rate
of 1073, For finetuning, the learning rate is reduced to 1074,

VII. EXPERIMENT RESULTS

The proposed framework can be generalized to various
semantic description tasks such as Image Captioning, Dense
Captioning, Image Paragraphing, and so on. Considering that
the Image Captioning provides a single-sentence description,
which is more intuitive and convenient for practical appli-
cations, we focus on the scene description task of Image
Captioning in this section for performance evaluations. The
experimental results on the tasks of Dense Captioning and
Image Paragraphing are illustrated in the supplementary video
https://youtu.be/KEeUmyhOL2o0.

A. Dataset

For there isn’t any existing dataset for the proposed Embod-
ied Scene Description task, we generate a new dataset with
the AI2Thor dataset. A pretrained caption model is used to
generate captions for each scene from different viewpoints.
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Fig. 10.
viewpoints.

The AI2Thor dataset contains 120 scenarios belonging to
four categories: Living Room, Kitchen, Bedroom and Bath-
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Fig. 12. LEFT: The developed robotic platform. A Kinect is equipped on
the top of it and we carefully adjust its position to ensure the optical center of
the camera in Kinect is aligned with the center of the platform. RIGHT: Two
representative real working scenes for the agent. For each scene, we show the
the-third-person view (left) and the first-person view (right).

It is noted that the performance of embodied scene descrip-
tion is also strongly dependent on the scene description task
(Image Captioning in this task). In Fig[TT| we show a failure
case. One possible reason is that the caption model generates
improper caption for the scene even though the agent actually
finds a good viewpoint for the scene description.

We also perform extensive validation on some other typical
scene description tasks such as Dense Captioning and Image
Paragraphing. The details can be found in the supplementary
video.

E. Real-World Experiments

Our model is trained on the AI2Thor dataset, rendered with
Unity in high quality real-time realistic computer graphics,
which makes the difference between the real world and
simulation environments minimal. Therefore, it is possible for
a simulation-to-real transfer and applying our model to real-
world robots and scenes. The learned policy is able to provide
action instructions to the robot.

As shown in Fig[T2] a mobile robot equipped with a Kinect
camera is used in the real world experiment. The mobile
robot is able to rotate 360 degrees around itself and move
forwards/backwards flexibly, which allows for implementing
actions in the action space. The Kinect camera is mounted on
the top of the mobile robot and is used to collect egocentric
images in real-time. The robot is placed in an unseen hotel
room for a simulation-to-real experiment. Although the layout
of the room and the viewpoint of the camera are significantly
different from those in the simulation environment, promising
results are obtained to validate the effectiveness of the trained
model. In Real Scene 1 (Fig[I3), the robot firstly faces to
a corner of the room. With the generated instructions, the
robot moves around the room until it recognizes that it is a
bedroom scene. In Real Scene 2 (Fig@), the robot starts with
a scene where it faces the door of a cabinet and it is difficult

Failure case. Though an object-rich scene is finally discovered, the adopted caption model does not work well.
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Fig. 13. Real Scene 1: The robot turns around from the wall corner to the
bed and finally correctly recognizes the bedroom scene.
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Real Scene 2

Fig. 14. Real Scene 2: The robot adjusts its position to observe the room.
But the caption model mistakenly recognizes the scene as a bathroom.

to obtain a useful semantic description. Then, with generated
action instructions, the robot adjusts its positions gradually and
stops at a position where it can get a full view of the room.
It reflects that the learned model is capable of transferring
the semantic knowledge learned in simulation environments
to real-world environments.

VIII. CONCLUSIONS

In this work, we propose the new Embodied Scene De-
scription problem, in which the agent exploits its embodiment
ability to find an optimal viewpoint for scene description
tasks. A learning framework with the paradigms of imitation
learning and reinforcement learning is established to teach the
agent to generate corresponding sensorimotor activities. The
trained model is evaluated in both the simulation and real-
world environments demonstrating that the agent is able to
actively explore the environment for good scene description.

This work only takes the final frame into consideration for
scene description tasks. Image sequences collected during the
exploration process is believed to reveal more information for
a better scene description. It will be also useful to leverage
the attention, preference, 3D relationship between objects, and
multi-modal information[43]] to further actively understand the
scenario.
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