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Abstract—We are witnessing significant progress on perception
models, specifically those trained on large-scale internet images.
However, efficiently generalizing these perception models to
unseen embodied tasks is insufficiently studied, which will help
various relevant applications (e.g., home robots). Unlike static
perception methods trained on pre-collected images, the embod-
ied agent can move around in the environment and obtain images
of objects from any viewpoints. Therefore, efficiently learning the
exploration policy and collection method to gather informative
training samples is the key to this task. To do this, we first build a
3D semantic distribution map to train the exploration policy self-
supervised by introducing the semantic distribution disagreement
and the semantic distribution uncertainty rewards. Note that the
map is generated from multi-view observations and can weaken
the impact of misidentification from an unfamiliar viewpoint. Our
agent is then encouraged to explore the objects with different
semantic distributions across viewpoints, or uncertain semantic
distributions. With the explored informative trajectories, we pro-
pose to select hard samples on trajectories based on the semantic
distribution uncertainty to reduce unnecessary observations that
can be correctly identified. Experiments show that the perception
model fine-tuned with our method outperforms the baselines
trained with other exploration policies. Further, we demonstrate
the robustness of our method in real-robot experiments.

Index Terms—Embodied Perception, Trajectory Exploration,
Hard Sample Selection

I. INTRODUCTION

Pre-training on large-scale datasets to build reusable models
has drawn great attention in recent years, e.g., the deep
visual models [1] pre-trained on ImageNet [2] can be reused
for detection [3], [4], and pre-trained language model like
BERT [5] can be used for image-text retrieval [6]. To better
adapt to downstream tasks, many researchers focus on fine-
tuning models on small-scale task-related datasets [7], [8].
However, generalizing the perception model pre-trained on
large-scale internet images to embodied tasks is insufficiently
studied, which will help various relevant applications (e.g.,
home robots). In order to use as few annotations as possible,
efficiently collecting training data in embodied scenes becomes
the main challenge.

Different from visual learning based on static data (e.g.,
images), the embodied agent can move around and interact
with 3D environment. Therefore, efficiently collecting training
samples means learning an exploration policy to encourage
the agent to explore the areas where the pre-trained model
performs poorly. Since the ground-truth labels in scenes are
unavailable, the underlying spatial-temporal continuity in the
3D world can be used self-supervised. To use the consistency
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Fig. 1.
bed is recognized to different objects/distributions across three viewpoints
(vl,v2,v3), and semantic distribution uncertainty, e.g., the probability of
couch in observation ol being predicted as bed and couch is relatively close.
bg means background.

The illustration of semantic distribution disagreement, e.g., the

in semantic predictions, the previous method [9] proposes a se-
mantic curiosity policy, which explores inconsistent labeling of
the same object by the perception model. When an exploration
trajectory is learned, all observations on this trajectory are
collected for labeling to fine-tune the pre-trained perception
model. Despite the advance, this method utilizes a fuzzy
inconsistency estimation (i.e., projecting multiple objects at
different heights to the same location in a 2D map). In
addition, the uncertainty of the predicted semantic distribution
that reflects what the pre-trained perception model does not
know in the new environment and the hard sample selection
on the trajectory are ignored in [9].

To solve these problems, we propose learning to Explore
Informative Trajectories and Samples (EITS) for embodied
perception, as shown in Fig. 2. It consists of two steps:
learning exploration policy and collecting hard samples to
fine-tune the perception model. During the exploration, our
agent moves around and collects multi-view observations fused
by Exponential Moving Average to generate a 3D semantic
map, which weakens the impact of misidentification from
an unfamiliar viewpoint. The generated 3D map can be
regarded as the pseudo ground truth due to the fusion of
predicted results from different viewpoints. Unlike previous
work [9] that adopts predicted labels to build the semantic
map, our work builds a predicted probabilistic distribution
map, i.e., a 3D semantic distribution map. It can be used to
constrain not only the predicted labels but also the predicted
distributions, as shown in Fig. 1 (left). Then one curiosity
reward is measured by the semantic distribution disagreement
between the semantic prediction of the current perspective
and the generated 3D semantic distribution map. We also
measure the uncertainty of the predicted semantic distribution
as shown in Fig. 1 (right) as another curiosity reward. These
two rewards are used together to learn the exploration policy
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Fig. 2. The architecture of our proposed informative trajectory and sample exploration method. It contains two steps: the exploration policy aims to encourage
the agent to explore the objects with semantic distribution disagreement or uncertainty, then the training stage aims at gathering hard samples on trajectories

based on semantic distribution uncertainty to fine-tune the pre-trained model.

by maximizing the disagreement and uncertainty of semantic
predictions. Therefore, our agent can move to the areas where
the semantic predictions are different from pseudo ground
truth or the probabilities being predicted as two categories
are relatively close. After obtaining the exploration strategy,
we gather indistinguishable hard samples on each trajectory
for the subsequent training. The selection method is the same
as the uncertainty of semantic distribution. The gathered data
is labeled and utilized to fine-tune the pre-trained perception
model, making it generalized well to new environments. We
also show that the perception model could be sustainably
improved by our explore-finetune process back and forth. The
method is evaluated on a challenging Matterport dataset [10]
and our real-robot environment. Experimental results show that
our EITS approach outperforms the state-of-the-art methods.

The contributions of this paper can be summarized as
threefold. (1) We propose a novel informative trajectory ex-
ploration method for embodied perception by measuring the
semantic distribution disagreement across viewpoints and the
uncertainty of each observation. In addition, we are probably
the first to exploit the uncertainty over semantic predictions
to handle this task. (2) The hard samples on the trajectory
selected by the semantic distribution uncertainty further sieves
the observations recognized well by the pre-trained model,
which can enhance the performance better when fine-tuning
the pre-trained model. (3) The proposed method achieves the
best result on the challenging Matterport dataset.

II. RELATED WORK
A. Robot Perception Learning

Visual perception is a crucial function of a robot. Some
works [11], [12] directly utilize the perception model pre-
trained on COCO [13] images to perform object goal navi-
gation. To improve the performance in embodied tasks, some
researchers [14]-[16] focus on learning a policy to directly
improve metrics of interest end-to-end at test time by obtaining

information about the environment. Unlike them, we aim to
explore informative samples self-supervised to better fine-tune
the pre-trained perception model. The exploration in reinforce-
ment learning [17]-[19] also aims to maximize an intrinsic
reward function to encourage the agent to seek previously
unseen or poorly understood parts of the environment. Dif-
ferent from them, we compute the reward function by multi-
view consistency in semantics. The active interactive imitation
learning [20]-[22] are also related to our work in disagreement
and uncertainty measuring to decide whether to request a
label from the human. However, our agent does not require
human intervention when learning the exploration policy, and
the exploration purpose is to improve the perception model.
Recently, Chaplot et al. [9] measure the semantic curiosity to
learn the exploration policy for embodied perception. But they
ignore the uncertainty over semantic predictions and hard sam-
ple selection on the learned trajectory. Besides, some works
[23], [24] attempt to learn both exploration and perception
utilizing pseudo labels in a completely self-supervised manner
without requiring any extra labels. In this paper, we propose
effectively generalizing the pre-trained perception model to
embodied tasks, where informative trajectories and samples
are gathered by utilizing a 3D semantic distribution map
to measure the semantic distribution disagreement and the
semantic distribution uncertainty. Then the gathered data is
labeled to fine-tune the perception model.

B. Semantic Mapping

3D mapping aiming to reconstruct a dense map of the envi-
ronment has achieved great advances in recent years. Fuentes-
Pacheco et al. [25] do a very detailed survey. Researchers
also consider adding semantic information to the 3D map
[23]. Similar to them, we adopt the same setting and learn
3D semantic mapping by differentiable projection operations.
In this paper, we propose a 3D semantic distribution map,
which is used to learn the exploration policy.
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C. Embodied Task

Embodied agents can move around and interact with the sur-
rounding environment. Many environments are photo-realistic
reconstructions of indoor [10], [26] and outdoor [27], [28]
scenes, where the ground-truth labels for objects are also
provided. Recently, many researchers have used these sim-
ulated environments in visual navigation [11], [29], visual
question answering [30] and visual exploration [31]. Visual
navigation usually involves point/object goal navigation [11]
and vision-and-language navigation [32] where the path to
the goal is described in natural language. Visual question
answering [30] should intelligently navigate to explore the
environment, gather necessary visual information, and then
answer the question. Unlike them, our agent aims to gather
data for labeling to generalize the pre-trained perception model
to unseen environments efficiently.

III. APPROACH

We aim to train an embodied agent with a perception model
pre-trained on internet images to explore informative trajecto-
ries and samples effectively. Then the perception model fine-
tuned on the gathered data can generalize well to a new envi-
ronment. As shown in Fig. 2, our proposed method consists of
two main parts. The exploration part aims to learn the active
movement of an agent to obtain informative trajectories via
semantic distribution disagreement and semantic distribution
uncertainty self-supervised. Then we take advantage of the
semantic distribution uncertainty to collect hard samples on the
learned trajectory. After images are collected and semantically
labeled, we fine-tune the perception model on these images.

A. 3D Semantic Distribution Mapping

Note that for each time step ¢, our agent’s observation space
consists of an RGB observation I, € R3*WixHi 3 depth
observation D; € RW7*H1 and a 3-DOF pose sensor z; € R3
which denotes the xz-y coordinates and the orientation of the
agent. The agent has three discrete actions: move forward,
turn left and turn right.

The easiest way to associate semantic predictions across
frames on a trajectory is to project the predictions on the
top-down view to build a 2D semantic map as [9]. However,
due to the embodied agent moving in a 3D environment, the
height information is lost when projecting the predictions onto
a 2D map. These will result in projecting multiple objects at
different heights to the same location, e.g., if a potted plant
is on the table, the potted plant and table will be projected
to the same location. Therefore, the noise will be generated
when calculating the disagreement across different viewpoints.
In this paper, we utilize the 3D semantic distribution map to
measure the semantic distribution disagreement. The semantic
map M is a 4D tensor of size K X Ly x Wy x Hyy,
where Ly, Wy, Hyy, denote the 3 spatial dimensions, and
K = C + 2, where C is the total number of semantic object
categories. The first two channels in K represent whether
the corresponding voxel (x-y-z location) contains obstacles
and is the explored area, respectively. The other channels

denote the predicted semantic probability distribution among
C categories from the pre-trained perception model. The map
is initialized with all zeros at the beginning of an episode,
My = [0)fxLaxWarxHr  The agent always starts at the
center of the map facing east at the beginning of the episode,
xo = (Lar/2,Whar/2,0.0) same as [11].

Fig. 2 shows the 3D semantic mapping procedure at a time
step. The agent takes action and then sees a new observation
I;. The pre-trained perception model (e.g., Mask RCNN [3]) is
adopted to predict the semantic categories of the objects seen
in I;, where the semantic prediction is a probability distribu-
tion among C' categories for each pixel. The depth observation
D, is used to compute the point cloud. Each point in the point
cloud is associated with the corresponding semantic prediction,
which is then converted into 3D space using differentiable
geometric transformations based on the agent pose to get the
voxel representation. This voxel representation in the same
location is aggregated over time using Exponential Moving
Average to get the 3D semantic distribution map:

t=1

t>1 b

M, = { Ak My_q + (1= X) xmy,
where m; means the voxel representation at time step ¢ and
A aims to control the relative importance of M;_; and my.
The map can integrate the predicted semantics of the same
object from different viewpoints to alleviate the misrecogni-
tion caused by the unfamiliar viewpoint. Therefore, the map
representation can be used as pseudo ground truth labels of
objects in the scene.

B. Exploring Informative Trajectory

The goal of exploration policy a; = 7 ([, 0) is exploring
objects that are poorly identified by the current perception
model based on the observation I;, where a; means the action
and 6 represents the parameters of the policy model. Hence, we
can collect valuable observations in the explored areas to fine-
tune the perception model. We propose two novel distribution-
based rewards to train the exploration policy by maximizing
the disagreement and uncertainty during moving.

The semantic distribution disagreement reward is defined
as the Kullback-Leibler divergence between the current pre-
diction and the 3D semantic distribution map, which encour-
ages the agent to explore the objects with different semantic
distributions across viewpoints:

rq = KL(my, My_1). )

Unlike semantic curiosity [9] which maximizes the label
inconsistency based on the 2D semantic map, our semantic
distribution disagreement aims to explore the objects with
different distributions from the 3D semantic distribution map.

In addition, we propose a semantic distribution uncertainty
reward r,, to explore the objects whose predicted probabilities
belonging to two categories are relatively close, as Eq. 4

explains.
. _{ 1, u>¢
u O7

u<s ©)
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To train the policy, we first input the semantic map to a
global exploration policy to select a long-term goal (i.e., an x-
y coordinate of the map). Then a deterministic Fast Marching
Method [33] is used for path planning, which uses low-level
navigation actions to achieve the goal. We sample the long-
term goal every 25 local steps, same as [11] to reduce the
time horizon for exploration in reinforcement learning. The
Proximal Policy Optimization (PPO) is used to train the policy.

C. Efficient Sample Selection and Continue Training

After obtaining the trajectory, the easiest way is to label all
observations on the trajectory. Although the trained exploration
policy can find more objects with inconsistent and uncertain
predictions, there are still many observations that the pre-
trained model can accurately identify. To efficiently fine-tune
the perception model, we propose a sample selection method
by measuring the uncertainty u of the semantic distribution:

u = Second ez (P;), “4)

where P; € R is the predicted class probability of ith
object in a single image, the Second,,,, means the second
largest score in {p?,p;, ...,p "' }. If w is larger than threshold
0, we select the corresponding image. Considering that the
semantic distribution disagreement relies heavily on multi-
view observations in the trajectory will reduce the efficiency
of selection, and thus it is not utilized to select hard samples.

We label the selected images and use them to fine-tune the
perception model.

IV. EXPERIMENTS
A. Implementation details

We use the Matterport3D [10] dataset with Habitat simulator
[34] in our main experiments. The scenes in the Matterport3D
dataset are 3D reconstructions of real-world environments,
split into a training set (54 scenes) and a test set (10 scenes).
We assume that the perfect agent pose and depth image can
be obtained in our setup.

The exploration policy consists of convolutional layers
followed by fully connected layers. The pre-trained Mask
RCNN is frozen while training the exploration policy. We use
the PPO with a time horizon of 20 steps, 8 mini-batches, and
4 epochs in each PPO update to train the policy. The reward,
entropy, and value loss coefficients are set to 0.02, 0.001, and
0.5, respectively. We use Adam optimizer with a learning rate
of 2.5 x 10~°. The maximum number of steps in each episode
is 500. The A\ and § are experimentally set to 0.3 and 0.1,
respectively. To fairly compare with previous methods, we set
the number of training steps to 500k in all experiments.

We pre-train a Mask-RCNN model with FPN [35] using
ResNet-50 as the backbone on the COCO [13] dataset labeled
with 6 overlapping categories with the Matterport3D, i.e.,
‘chair’, ‘couch’, ‘potted plant’, ‘bed’, ‘toilet’ and ‘tv’. Then
we fine-tune this model on the gathered samples with a fixed
learning rate of 0.001. All other hyper-parameters are set to
default settings in Detectron2 [36]. We randomly collect the
samples in test scenes of different episodes to evaluate the final

perception model. The AP50 score is adopted as the evaluation
metric, which is the average precision with at least 50% IOU.

We further deploy our method to a real robot. Our robot
is equipped with a Kinect V2 camera, a 2D LiDAR, and
an onboard computer (with an Intel i5- 7500T CPU and an
NVIDIA GeForce GTX 1060 GPU). Note that the LiDAR is
only used with wheel odometers to perform localization. We
test our method in a built 60m?2 house with a dining room, a
living room, and a bedroom.

B. Main Results

1) Simulation Environment: To demonstrate the effective-
ness of our method, we compare our fine-tuned object de-
tection and instance segmentation results with the state-of-
the-art methods as shown in Tab. 1. Note that these methods
all use around 20k training images. Pre-trained means the
perception model was pre-trained on the raw COCO dataset.
Re-trained means we re-train the pre-trained model utilizing
COCO dataset labeled with 6 overlapping categories with
the Matterport3D. Random is a baseline exploration policy
that samples actions randomly. It can be seen that our model
achieves the best performance and can further improve the per-
formance when progressively training the exploration strategy
three times based on the latest fine-tuned perception model.

Specifically, compared with the pre-trained model, our fine-
tuned model gives 10.80% AP50 gains on the box detection
metric. Compared with the previous best competitor Semantic
Curiosity [9] which rewards trajectories with inconsistent la-
beling behavior and encourages the embodied agent to explore
such areas, our model significantly outperforms it by 2.57%
absolute AP50 point on object box detection and 1.36% on
instance segmentation. The improved performances over the
best competitor indicate that our proposed informative tra-
jectory exploration and hard sample selection method is very
effective for this task. In addition, we can see that our method
is more friendly to instances with simple shapes, e.g., Bed
and Tv. These instance’s shapes are easier to be reconstructed
through 3D mapping. Objects with much more complicated
shapes, e.g., Potted Plant, are more likely to involve mapping
errors, which in turn decreases the performance of instance
segmentation.

2) Real Robot: We also deploy our learned exploration
policy on a real robot to explore informative trajectories and
hard samples in an unseen environment. In practice, we gather
170 hard samples for fine-tuning the pre-trained model and an
additional 50 randomly collected samples for validation, with
an average of 4 objects in each image. Benefiting from the
gathered informative images, the fine-tuned perception model
can improve the detection and segmentation performances
from 79.1% AP50 and 76.7% AP50 to 97.3% AP50 and 96.1%
AP50, respectively.

C. Ablation Analysis

Our method comprises two modules: informative trajectory
exploration and hard sample selection. To investigate these two
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TABLE I
COMPARISON WITH THE STATE-OF-THE-ART METHODS FOR OBJECT DETECTION (BBOX) AND INSTANCE SEGMENTATION (SEGM) USING AP50 AS THE
METRIC. N MEANS THE EXPLORATION POLICY IS PROGRESSIVELY TRAINED FOR N TIMES.

Task Method Chair Couch Potted Plant Bed Toilet Tv Average
Pre-trained 21.05 25.23 22.58 24.24 22.62 29.67 24.23
Re-trained 23.77 27.36 26.20 25.21 24.82 34.48 26.97
Random 29.98 31.65 23.91 28.66 31.78 40.44 31.07
Bbox Active Neural SLAM [31] 32.02 32.74 31.94 30.31 26.30 38.68 32.00
Semantic Curiosity [9] 33.51 33.11 3291 29.57 25.76 39.97 32.46
Ours (n=1) 33.57 34.36 32.79 31.54 28.38 43.81 34.07
Ours (n=3) 33.34 34.48 35.28 32.12 31.87 43.11 35.03
Pre-trained 12.72 22.98 16.71 23.82 23.85 29.75 21.64
Re-trained 14.99 24.68 18.36 24.32 25.15 34.23 23.62
Random 18.22 27.25 8.82 28.19 29.08 39.39 25.16
Segm Active Neural SLAM [31] 17.89 29.24 15.22 29.66 27.29 38.61 26.32
Semantic Curiosity [9] 18.18 30.06 18.39 29.03 26.70 40.01 27.06
Ours (n=1) 19.18 30.14 15.56 31.03 28.19 43.43 27.92
Ours (n=3) 19.28 30.13 16.22 31.27 28.92 44.76 28.42
TABLE II
EFFECTS OF SETTING DIFFERENT THRESHOLDS IN HARD SAMPLE SELECTION ON OBJECT DETECTION TASK.
Method | Training Image |  Chair Couch Potted Plant Bed Toilet Tv |  Average
6=0.1 20k 33.57 34.36 32.79 31.54 28.38 43.81 34.07
§=02 13k 33.38 34.61 31.34 31.84 26.24 41.64 33.18
6§=03 9k 32.79 35.03 31.10 31.81 22.83 41.11 32.44
TABLE III TABLE IV

ABLATION STUDIES ON THE OBJECT DETECTION TASK. SDD AND SDU
MEANS THE SEMANTIC DISTRIBUTION DISAGREEMENT REWARD AND THE
SEMANTIC DISTRIBUTION UNCERTAINTY REWARD IN TRAJECTORY
EXPLORATION, RESPECTIVELY. HSS MEANS THE HARD SAMPLE
SELECTION. SC MEANS THE SEMANTIC CURIOSITY [9].

Method Chair Couch Potted Bed Toilet Tv Average
Plant
Ours w/o SDD 32.08 34.51 32.05 2991 27.95 42.76| 33.21
Ours w/o SDU 3349 34.39 3295 31.19 27.31 42.18| 33.59
Ours w/o HSS 3244 33.69 3222 30.85 27.67 41.78| 33.11
SC + HSS 33.87 33.52 32.69 31.08 27.93 41.08| 33.36
Ours 33.57 34.36 32.79 31.54 28.38 43.81| 34.07

components, we perform a set of ablation studies with n = 1
for simplicity, as shown in Tab. III.

We first investigate the importance of rewarding seman-
tic distribution disagreement across viewpoints and semantic
distribution uncertainty to explore the trajectory. It can be
seen that the AP50 accuracy on object detection drops 0.71%
(SC+HSS vs. Ours) by replacing our exploration policy as
SC. The exploration module proves the effectiveness of learn-
ing informative trajectories for subsequent sample selection.
Then we investigate the importance of semantic distribution
uncertainty based hard sample selection by removing it (Ours
w/o HSS). The AP50 accuracy on object detection drops
0.96%, demonstrating that selecting hard samples enhances
the perception results. In addition, by comparing the results
between Ours and Ours w/o SDD, Ours and Ours w/o SDU
(semantic distribution disagreement and uncertainty in infor-
mative trajectory exploration), we can find that utilizing SDD
and SDU can generate more effective trajectories.

EFFECTS OF PROGRESSIVELY TRAINING THE EXPLORATION POLICY FOR n
TIMES ON THE OBJECT DETECTION TASK.

Method Chair Couch Potted Bed Toilet Tv Average
‘ Plant ‘

n=1 3357 3436 3279 31.54 2838 43.81| 34.07

n=2 3218 33.32 36.06 31.38 30.81 44.53| 34.71

n=3 3334 3448 3528 3212 31.87 43.11| 35.03

We compare the effectiveness of setting different thresholds
0 in hard sample selection as shown in Tab. II. In this
experiment, we sample the images from explored trajectories
with 6 episodes and fixed steps in each training scene, resulting
in different numbers of sampled training images at different
thresholds. We can find that decent performances can be
achieved by training very few hard samples, which demon-
strates the effectiveness of selecting hard samples. Tab. IV
shows the experimental results when progressively training the
exploration policy multiple times based on the latest fine-tuned
perception model. Note that they all use 20k training images.

To exploit measures of uncertainty in semantic distributions,
we utilize the entropy of categorical distribution (ECS) in place
of the heuristic in Eq. 4 as shown in Tab. V. We experimentally
set the threshold of entropy to 0.4. The improved performance
indicates that the uncertainty between all distributions is more
effective than between the two categories.

D. Qualitative Results

To verify whether the proposed exploration policy and hard
sample selection method can obtain the observations with
inconsistent or uncertain semantic distributions, we visualize
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Trajectories

Samples

(a) Matterport3D environment

(b) Real-world environment

Fig. 3. Qualitative examples of learned trajectories and sampled images from the Matterport3D environment and the real robot. The first row shows the
explored informative trajectories trained by semantic distribution disagreement and uncertainty rewards. The second row shows the gathered hard images by

semantic distribution uncertainty estimation.

Pre-trained

SC

Ours

Fig. 4. Qualitative examples of instance segmentation by different models.

TABLE V
EFFECTS OF UTILIZING THE ENTROPY OF CATEGORICAL DISTRIBUTION
(ECS) IN PLACE OF THE HEURISTIC IN EQ. 4 TO MEASURE SEMANTIC
DISTRIBUTION UNCERTAINTY ON THE OBJECT DETECTION TASK.

Method Chair Couch Potted Bed Toilet Tv Average
Plant

Ours 3357 3436 3279 31.54 2838 43.81| 34.07

ECS 31.40 32.70 3423 3090 30.75 46.06| 34.34

the explored trajectories and sampled images from the Mat-
terport3D dataset and real-world environment, as shown in
Fig. 3. We can see that our model is able to gather inconsistent
and uncertain detections via semantic distribution disagree-
ment and uncertainty estimation. For example, the couch is
detected as different objects (chair/couch) or distributions from
different viewpoints on the first row. Besides, the couch is
detected as couch and chair with almost close scores on the
second row. By collecting these observations that are poorly
identified by the pre-trained perception model for labeling, the
model can be fine-tuned better.

Fig. 4 shows the segmentation masks obtained by three
different models, i.e., pre-trained, Semantic Curiosity [9], and

our EITS, demonstrating our proposed method’s benefits. As
the figure shows, our generated segmentation masks have more
obvious object shapes and finer outlines in the first column.
Besides, our model, fine-tuned exclusively on hard samples,
can detect the missed objects by the pre-trained and Semantic
Curiosity [9] models, as shown in the third and fifth columns.

V. DISCUSSION AND LIMITATIONS

We propose to generalize the perception model pre-trained
on internet images to the unseen 3D environments with as
few annotations as possible. Therefore, efficiently learning
the exploration policy and selection method to gather training
samples is the key to this task. In this work, we propose a novel
informative trajectory exploration method via semantic dis-
tribution disagreement and semantic distribution uncertainty.
Then the uncertainty-based hard sample selection method is
proposed to further reduce unnecessary observations that can
be correctly identified. Extensive ablation studies verify the
effectiveness of each component of our method.

Although our method is more efficient than previous works,
there are still some limitations. Through exploring the infor-
mative trajectories and samples, we can efficiently generalize
the pre-trained model to the embodied task, where labeling
the segmentation mask is still costly. The weakly-supervised
methods (e.g., utilizing box annotations to train segmentation
models) can be utilized to fine-tune the perception model in the
future. In addition, we collect all samples before fine-tuning
the perception model, which results in our perception model
not being updated. In the future, we can explore updating the
perception module when learning the exploration policy.
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